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(57) ABSTRACT

The Machine Learning Portfolio Simulating and Optimizing
Apparatuses, Methods and Systems (“MLPO”) transforms
machine learning simulation request, decision tree
ensembles training request, expected returns calculation
request, portfolio construction request, predefined scenario
construction request, portfolio returns visualization request
inputs via MLPO components into machine learning simu-
lation response, decision tree ensembles training response,
expected returns calculation response, portfolio construction
response, predefined scenario construction response, port-
folio returns visualization response outputs. A portfolio
construction request configured to include a set of optimi-
zation parameters is obtained. A set of simulated market
scenarios is generated using neural networks. A set of
expected returns for securities in the universe of securities
for the set of simulated market scenarios is retrieved. Port-
folio weights of securities in the universe of securities are
optimized to generate a set of tradeable transactions that
maximize expected portfolio return. The set of tradeable
transactions is executed.
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FIGURE 3: MLPO NEURAL NETWORK ARCHITECTURE
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FIGURE 33B: MLPO ARCHITECTURE
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FIGURE 34: MLPO DATA FLOW
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FIGURE 37: MLPO ARCHITECTURE
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FIGURE 38: MLPO ARCHITECTURE
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FIGURE 39: MLPO ARCHITECTURE
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FIGURE 41: MLPO SCREENSHOT
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FIGURE 53: MLPO SCREENSHOT
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FIGURE 58: MLPO SCREENSHOT
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FIGURE 59: MLPQ SCREENSHOT
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FIGURE 60: MLPO SCREENSHOT
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FIGURE 61: MLPO SCREENSHOT
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FIGURE 65: MLPO SCREENSHOT
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FIGURE 66: MLPO SCREENSHOT
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FIGURE 67: MLPO SCREENSHOT
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MLPO SCREENSHOT

FIGURE 68
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FIGURE 69: MLPO SCREENSHOT
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FIGURE 71: MLPO SCREENSHOT
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FIGURE 75: MLPO SCREENSHOT
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FIGURE 76: MLPO ARCHITECTURE
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FIGURE 77: MLPO ARCHITECTURE
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FIGURE 80: MLPO ARCHITECTURE
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MLPO ARCHITECTURE
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FIGURE 81
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FIGURE 82: MLPO ARCHITECTURE
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FIGURE 83: MLPO ARCHITECTURE
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FIGURE 85: MLPO ARCHITECTURE
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FIGURE 87: MLPO ARCHITECTURE
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REQUEST

FIGURE 89: MLPO ARCHITECTURE
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FIGURE 90: MLPQ ARCHITECTURE
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REQUEST

FIGURE 91: MLPO ARCHITECTURE
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FIGURE 92: MLPO ARCHITECTURE
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FIGURE 99: MLPO Controller
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MACHINE LEARNING PORTFOLIO
SIMULATING AND OPTIMIZING
APPARATUSES, METHODS AND SYSTEMS

PRIORITY CLAIM

[0001] Applicant hereby claims benefit to priority under
35 USC § 119 as a non-provisional conversion of: U.S.
provisional patent application Ser. No. 63/055,876, filed Jul.
23, 2020, entitled “Machine Learning Portfolio Simulating
and Optimizing Apparatuses, Methods and Systems”, (attor-
ney docket no. Fidelity0663PV).

[0002] The entire contents of the aforementioned applica-
tions are herein expressly incorporated by reference.

OTHER APPLICATIONS

[0003] Applications of interest include: U.S. patent appli-
cation Ser. No. 14/494,443, filed Sep. 23, 2014, entitled
“Life Cycle Based Portfolio Construction Platform Appara-
tuses, Methods and Systems”, (attorney docket no. Fidelity-
0148US); U.S. patent application Ser. No. 14/286,792, filed
May 23, 2014, entitled “SEASONAL PORTFOLIO CON-
STRUCTION PLATFORM APPARATUSES, METHODS
AND SYSTEMS?”, (attorney docket no. Fidelity-0002US2);
U.S. patent application Ser. No. 14/032,140, filed Sep. 19,
2013, entitled “SECTOR-BASED PORTFOLIO CON-
STRUCTION PLATFORM APPARATUSES, METHODS
AND SYSTEMS”, (attorney docket no. FIDE-001/
01US270718-2003), U.S. patent application Ser. No.
13/370,396, filed Feb. 10, 2012, entitled “MULTI-FACTOR
RISK MODELING PLATFORM?”, (attorney docket no.
FidelityFRO6US).

[0004] The entire contents of the aforementioned applica-
tions are herein expressly incorporated by reference.
[0005] This application for letters patent disclosure docu-
ment describes inventive aspects that include various novel
innovations (hereinafter “disclosure”) and contains material
that is subject to copyright, mask work, and/or other intel-
lectual property protection. The respective owners of such
intellectual property have no objection to the facsimile
reproduction of the disclosure by anyone as it appears in
published Patent Office file/records, but otherwise reserve
all rights.

FIELD

[0006] The present innovations generally address machine
learning and database systems, and more particularly,
include Machine Learning Portfolio Simulating and Opti-
mizing Apparatuses, Methods and Systems.

[0007] However, in order to develop a reader’s under-
standing of the innovations, disclosures have been compiled
into a single description to illustrate and clarify how aspects
of these innovations operate independently, interoperate as
between individual innovations, and/or cooperate collec-
tively. The application goes on to further describe the
interrelations and synergies as between the various innova-
tions; all of which is to further compliance with 35 U.S.C.
§ 112.

BACKGROUND

[0008] People own all types of assets, some of which are
secured instruments to underlying assets. People have used
exchanges to facilitate trading and selling of such assets.

Mar. 31, 2022

Computer information systems, such as NAICO-NET,
Trade*Plus and E*Trade allowed owners to trade securities
assets electronically.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] Appendices and/or drawings illustrating various,
non-limiting, example, innovative aspects of the Machine
Learning Portfolio Simulating and Optimizing Apparatuses,
Methods and Systems (hereinafter “MLPO”) disclosure,
include:

[0010] FIGS. 1A-B show a datagraph illustrating data
flow(s) for the MLPO;

[0011] FIGS. 2A-B show a logic flow illustrating embodi-
ments of a machine learning simulated scenario processing
(MLSSP) component for the MLPO;

[0012] FIG. 3 shows an architecture for the MLPO;
[0013] FIG. 4 shows alogic flow illustrating embodiments
of a machine learning simulated scenario processing
(MLSSP) component for the MLPO;

[0014] FIG. 5 show a logic flow illustrating embodiments
of'a decision tree ensembles training (DTET) component for
the MLPO;

[0015] FIGS. 6A-D show implementation case(s) for the
MLPO;
[0016] FIGS. 7A-C show a logic flow illustrating embodi-

ments of an expected returns calculation (ERC) component
for the MLPO;

[0017] FIG. 8 shows a datagraph illustrating data flow(s)
for the MLPO;
[0018] FIG. 9 shows alogic flow illustrating embodiments

of a portfolio constructing (PC) component for the MLPO;
[0019] FIG. 10 shows a screenshot illustrating user inter-
face(s) of the MLPO;
[0020] FIG. 11 shows a screenshot illustrating user inter-
face(s) of the MLPO;
[0021] FIG. 12 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0022] FIG. 13 shows a datagraph illustrating data flow(s)
for the MLPO;
[0023] FIGS. 14A-B show a logic flow illustrating

embodiments of a predefined scenario constructing (PSC)
component for the MLPO;

[0024] FIG. 15 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0025] FIG. 16 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0026] FIG. 17 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0027] FIG. 18 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0028] FIG. 19 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0029] FIG. 20 shows a datagraph illustrating data flow(s)
for the MLPO;
[0030] FIG. 21 shows a logic flow illustrating embodi-

ments of a scenario based portfolio returns visualizing
(SPRV) component for the MLPO;

[0031] FIG. 22 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0032] FIG. 23 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0033] FIG. 24 shows a screenshot illustrating user inter-
face(s) of the MLPO;
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[0034] FIG. 25 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0035] FIG. 26 shows a datagraph illustrating data flow(s)
for the MLPO;

[0036] FIG. 27 shows a logic flow illustrating embodi-
ments of a business cycle based portfolio returns visualizing
(BPRV) component for the MLPO;

[0037] FIG. 28 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0038] FIG. 29 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0039] FIG. 30 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0040] FIG. 31 shows an architecture for the MLPO;
[0041] FIG. 32 shows an architecture for the MLPO;
[0042] FIGS. 33A-B show an architecture for the MLPO,
[0043] FIG. 34 shows a datagraph illustrating data flow(s)
for the MLPO;

[0044] FIG. 35 shows a logic flow illustrating embodi-
ments of a portfolio returns visualizing (PRV) component
for the MLPO;

[0045] FIG. 36 shows a logic flow illustrating embodi-
ments of an asset return metrics calculating (ARMC) com-
ponent for the MLPO;

[0046] FIG. 37 shows an architecture for the MLPO;
[0047] FIG. 38 shows an architecture for the MLPO;
[0048] FIG. 39 shows an architecture for the MLPO;
[0049] FIG. 40 shows an architecture for the MLPO;
[0050] FIG. 41 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0051] FIG. 42 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0052] FIG. 43 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0053] FIG. 44 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0054] FIG. 45 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0055] FIG. 46 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0056] FIG. 47 shows a screenshot illustrating user inter-
face(s) of the MLPO;

[0057] FIG. 48 shows an architecture for the MLPO;
[0058] FIG. 49 shows an architecture for the MLPO (e.g.,
Mutual Fund/ETF Model Architecture);

[0059] FIG. 50 shows an architecture for the MLPO (e.g.,
Mutual Fund/ETF Pseudo Code—Parallel Computing);
[0060] FIG. 51 shows an architecture for the MLPO (e.g.,
Mutual Fund/ETF Database Tables);

[0061] FIG. 52 shows an architecture for the MLPO (e.g.,
Mutual Fund/ETF Pseudo Code—Proprietary Feature Selec-
tion);

[0062] FIG. 53 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., Market Risk Factor Exposure);
[0063] FIG. 54 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., Simulated Return Distribution
Conditional on Market Scenario);

[0064] FIG. 55 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., Simulated Return Distribution
Conditional on Business Cycle);

[0065] FIG. 56 shows an architecture for the MLPO (e.g.,
EQUITY RISK MODELING WORKFLOW);

[0066] FIG. 57 shows an architecture for the MLPO (e.g.,
PROPRIETARY FEATURE SELECTION METHOD),
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[0067] FIG. 58 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., PMRI RISK ANALYSIS
SCREENSHOT);

[0068] FIG. 59 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g, MRI RISK ANALYSIS
RETURN DRIVER SCREENSHOT);

[0069] FIG. 60 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., PMRI RISK ANALYSIS BUSI-
NESS CYCLE SCREENSHOT);

[0070] FIG. 61 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., PMRI RISK ANALYSIS RIS-
ING VIX SCENARIO SCREENSHOT);

[0071] FIG. 62 shows an architecture for the MLPO (e.g.,
PARALLEL COMPUTING PSEUDOCODE);

[0072] FIG. 63 shows an architecture for the MLPO (e.g.,
EQUITY RISK MODELING FEATURE ENGINEERING
WORKFLOW);

[0073] FIG. 64 shows an architecture for the MLPO (e.g.,
EQUITY IDIOSYNCRATIC RISK MODELING WORK-
FLOW);,

[0074] FIG. 65 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., AVIX VS HISTORICAL
UNPRECEDENTEDNESS);

[0075] FIG. 66 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., HISTORICAL VS VAE);
[0076] FIG. 67 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., HISTORICAL VS PANIC SIM);
[0077] FIG. 68 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., 3M VIX THRESHOLDS VS
UNPRECEDENTEDNESS (MSE) 3D);

[0078] FIG. 69 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., 6M VIX THRESHOLDS VS
UNPRECEDENTEDNESS (MSE) 3D);

[0079] FIG. 70 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., 1Y VIX THRESHOLDS VS
UNPRECEDENTEDNESS (MSE) 3D);

[0080] FIG. 71 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., CVaR FRONTIER COMPARI-
SON WITH DIVERSIFICATION OF 0.6(LEFT) AND
DIVERSIFICATION OF 0.3(RIGHT));

[0081] FIG. 72 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., TAIL RISK OPTIMIZATION
RUNNING TIME COMPARISON OF INTEGER PRO-
GRAMMING AND NON-INTEGER PROGRAMMING);
[0082] FIG. 73 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., EFFICIENT FRONTIER COM-
PARISON WITH RISK TOLERANCE OF 7(LEFT) AND
RISK TOLERANCE OF 3(RIGHT));

[0083] FIG. 74 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., EFFICIENT FRONTIER COM-
PARISON WITH DIVERSIFICATION OF 0.7(LEFT) AND
RISK DIVERSIFICATION OF 0.3(RIGHT));

[0084] FIG. 75 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., EFFICIENT FRONTIER COM-
PARISON WITH VIX RANGE OF (-3500,5500)(LEFT)
AND VIX RANGE OF (-1500,3000)(RIGHT));

[0085] FIG. 76 shows an architecture for the MLPO (e.g.,
FACTOR EXPOSURE GENERATION PSEUDO CODE);
[0086] FIG. 77 shows an architecture for the MLPO (e.g.,
ASSET SIMULATION GENERATION PSEUDO CODE);
[0087] FIG. 78 shows an architecture for the MLPO (e.g.,
FACTOR EXPOSURE GENERATION CONCEPT DIA-
GRAM);
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[0088] FIG. 79 shows an architecture for the MLPO (e.g.,
ASSET SIMULATION GENERATION CONCEPT DIA-
GRAM);

[0089] FIG. 80 shows an architecture for the MLPO (e.g.,
CONVEXITY ADJUSTMENT PSEUDO CODE (STEP 1));
[0090] FIG. 81 shows an architecture for the MLPO (e.g.,
CONVEXITY ADJUSTMENT PSEUDO CODE (STEP 2));
[0091] FIG. 82 shows an architecture for the MLPO (e.g.,
OPTIONALITY ADJUSTMENT PSEUDO CODE);
[0092] FIG. 83 shows an architecture for the MLPO (e.g.,
REAL-TIME ASSET SIMULATION PSEUDO CODE);
[0093] FIG. 84 shows an architecture for the MLPO (e.g.,
REAL-TIME ASSET SIMULATION CONCEPT DIA-
GRAM (ORACLE RDS ON CLOUD));

[0094] FIG. 85 shows an architecture for the MLPO (e.g.,
MULTIPLE USER-DEFINED SCENARIOS PSEUDO
CODE);

[0095] FIG. 86 shows an architecture for the MLPO (e.g.,
MULTIPLE USER-DEFINED SCENARIOS CONCEPT
DIAGRAM);

[0096] FIG. 87 shows an architecture for the MLPO (e.g.,
ASSET SIMULATION ER DIAGRAM);

[0097] FIG. 88 shows an architecture for the MLPO (e.g.,
BOND LADDER CONSTRUCTION FLOW);

[0098] FIG. 89 shows an architecture for the MLPO (e.g.,
BOND LADDER CONSTRUCTION API INPUT
SAMPLE);

[0099] FIG. 90 shows an architecture for the MLPO (e.g.,
BOND LADDER CONSTRUCTION API OUTPUT
SAMPLE);

[0100] FIG. 91 shows an architecture for the MLPO (e.g.,
RISK ANALYSIS API INPUT SAMPLE);

[0101] FIG. 92 shows an architecture for the MLPO (e.g.,
RISK ANALYSIS API OUTPUT SAMPLE);

[0102] FIG. 93 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., BOND LADDER CONSTRUC-
TION USER INPUT/SELECTION SCREEN);

[0103] FIG. 94 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., BOND LADDER CONSTRUC-
TION—SAMPLE CORPORATE LADDER);

[0104] FIG. 95 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., BOND LADDER CONSTRUC-
TION—SAMPLE MUNI LADDER);

[0105] FIG. 96 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., BOND LADDER CONSTRUC-
TION—MAXIMIZE YIELD METHOD/OPTION);

[0106] FIG. 97 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., BOND LADDER CONSTRUC-
TION—RISK SCORE ADJUSTED METHOD/OPTION);
[0107] FIG. 98 shows a screenshot illustrating user inter-
face(s) of the MLPO (e.g., MULTIPLE USER-DEFINED
SCENARIOS—MARKET SENSITIVITY ANALYSIS);
[0108] FIG. 99 shows a block diagram illustrating
embodiments of a MLPO controller.

[0109] Generally, the leading number of each citation
number within the drawings indicates the figure in which
that citation number is introduced and/or detailed. As such,
a detailed discussion of citation number 101 would be found
and/or introduced in FIG. 1. Citation number 201 is intro-
duced in FIG. 2, etc. Any citations and/or reference numbers
are not necessarily sequences but rather just example orders
that may be rearranged and other orders are contemplated.
Citation number suffixes may indicate that an earlier intro-
duced item has been re-referenced in the context of a later
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figure and may indicate the same item, evolved/modified
version of the earlier introduced item, etc., e.g., server 199
of FIG. 1 may be a similar server 299 of FIG. 2 in the same
and/or new context.

DETAILED DESCRIPTION

[0110] The Machine Learning Portfolio Simulating and
Optimizing Apparatuses, Methods and Systems (hereinafter
“MLPO”) transforms machine learning simulation request,
decision tree ensembles training request, expected returns
calculation request, portfolio construction request, pre-
defined scenario construction request, portfolio returns visu-
alization request inputs, via MLPO components (e.g.,
MLSSP, DTET, ERC, PC, PSC, SPRV, BPRV, PRV, ARMC,
etc. components), into machine learning simulation
response, decision tree ensembles training response,
expected returns calculation response, portfolio construction
response, predefined scenario construction response, port-
folio returns visualization response outputs. The MLPO
components, in various embodiments, implement advanta-
geous features as set forth below.

INTRODUCTION

[0111] The MLPO provides unconventional features (e.g.,
executing tradeable transactions to create an optimized
portfolio based on expected returns simulated using machine
learning techniques, a SQL database calculation engine) that
were never before available in machine learning and data-
base systems.

[0112] Tail-events have rare historical occurrence. They
are difficult to model and forecast. However, they can be an
essential part of resilient decision processes. The MLPO
demonstrates unique abilities to model variations in vola-
tilities and dependency structures across factors and over
different time periods; provides rich estimates of tail-event;
enables conditional outcomes of tail-events; and uses
advanced linear and non-linear optimization processes for
superior decision support. The optimization results provide
model recommended solutions, such as for portfolio con-
struction.

[0113] The MLPO presents the latest innovations in two
core capabilities of investment management: 1) simulation
driven investment insights and decision support and 2)
machine driven portfolio allocation guidance. It combines
the latest machine learning methods with leading-edge cloud
computing techniques. It enables differentiations across
many business units: analytics and insights to power a
commercial electronic bond trading platform, power tools
for evaluating portfolio construction bias, smart Bond Lad-
der products, and/or the like.

[0114] In various embodiments, the MLPO may include
one or more of the following features:

[0115] 1. Maximizes the usage of high frequency histori-
cal data
[0116] a. Machine learning processes to impute missing

data (e.g., in order to preserve higher frequency time-
series data with gaps, and maximize the utility of all
available historical data)
[0117] b. Flexible periodicity with overlapping tech-
niques
[0118] 2. Combines a mixer of copulas, flexible marginal
distributions, rejection sampling and parallel computing for
a single simulation engine which
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[0119] a. Models changes in correlations and volatilities
for “fat tail” events (e.g., using massive parallel com-
puting to concurrently perform simulation and/or con-
ditional simulation and/or stress scenario generations
over cloud computing infrastructure)

[0120] b. Generates insights on the conditional impact
of diverse factors on tail-events and volatilities

[0121] 3. Allows calibration to forward-looking signals
[0122] 4. Allows domain experts to incorporate their sub-
jective views

[0123] 5. Simulates longer horizon, multi-period out-

comes with path dependency (e.g., using massive parallel
computing frameworks in path-dependent, multi-period
simulation to capture joint seasonality and mean-reversion
tendencies across factors)
[0124] 6. Preserves the cadence of historical cycles in
forward-looking simulation paths
[0125] 7. Allows forward-looking factor views to drive
optimization results
[0126] 8. Applies “simulation-data-driven” approach for
tailed-constrained portfolio optimization (e.g., to recom-
mend solutions allowing tail-risk, tradability controls, etc.).
In one embodiment, applies linear relaxation to CVaR con-
straints and mixed integer linear programming for optimi-
zation problem solving. In another embodiment, applies
stochastic optimizer with VaR or CVaR and integer con-
straints to solve a non-linear optimization problem.
[0127] In some embodiments, the MLPO may implement
a database calculation engine for calculating simulation
data. The database calculation engine may be a SQL-based
solution that effectively utilizes different data reduction and
parallel execution techniques to reduce the overall response
time. Instead of using a dedicated high-performance plat-
form (e.g., IBM Netezza Data Appliance) the database
calculation engine may be used for simulation calculation
providing a faster, streamlined, cost effective and scalable
solution (e.g., using Oracle RDS on Cloud) that provides
calculation results in substantially less amount of time.
Further, the database calculation engine eliminates having to
maintain a complex infrastructure and applications associ-
ated with using a dedicated high-performance platform, and
having to pay for additional licensing and maintenance
costs.
[0128] The database calculation engine solution is faster
as data does not have to be transferred outside of the
database with an innovative data reduction strategy that
applies to simulation generation, less complex as the solu-
tion may run entirely on a database, scalable as the solution
effectively utilizes vertical scalability offered by RDS on
Cloud and more maintainable.
[0129] In some implementations, the database calculation
engine may provide the following features:

[0130] A novel way of calculating simulation data using

a SQL only solution.
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[0131] Application of unique data reduction techniques
applicable specifically to the way data is aggregated for
simulation data.

[0132] Use of vertical scalability and concurrency
offered by Oracle RDS on Cloud for faster execution.

[0133] Processing that happens at the database level,
eliminating having to transfer data outside to external
systems and maximizing processing of data using cloud
computing.

[0134] Faster and more cost effective than using high-
performance platforms.

[0135] In some implementations, the database calculation
engine may utilize various innovative data reduction, scaling
and parallel computing techniques (e.g., techniques to use
global temporary tables and sessions, data reduction tech-
niques to drastically reduce the amount of data used for
processing thus lowering processing time, and several other
data parallelization techniques used for generating simula-
tion data):

[0136] Use of Multiple Batches to achieve higher
degree of parallelism (DOP)

[0137] Use of Global Temporary Tables (GTT) to be
able to run batch in multiple sessions and limit tem-
porary storage requirements

[0138] Use of Data Reduction techniques to limit full
table scans for joins between Factor Exposure and
Factor Simulation table

[0139] Use of Parallel Query to parallelize generation of
Asset Simulation and Contribution to Value at Risk
data

[0140] Use of Parallel DML to parallelize inserting data
related to Asset Simulation and Contribution to Value at
Risk

[0141] Use of DDL for faster execution of delete state-
ments to speed up cleanup of global temporary tables

MLPO

[0142] FIGS. 1A-B show a datagraph illustrating data
flow(s) for the MLPO. In FIGS. 1A-B, an administrative
client 102 (e.g., of an administrative user) may send a
machine learning simulation request 121 to a MLPO server
106 to facilitate generating a set of simulated scenarios (e.g.,
a scenario may be a set of simulated market factor changes).
For example, the administrative client may be a desktop, a
laptop, a tablet, a smartphone, a smartwatch, and/or the like
that is executing a client application. In one implementation,
the machine learning simulation request may include data
such as a request identifier, configuration settings, and/or the
like. In one embodiment, the administrative client may
provide the following example machine learning simulation
request, substantially in the form of a (Secure) Hypertext
Transfer Protocol (“HTTP(S)”) POST message including
eXtensible Markup Language (“XML”) formatted data, as
provided below:

POST /authrequest.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-87?>

<auth_request>

<timestamp>2020-12-31 23:59:59</timestamp>

<user_accounts_details>

<user_account_credentials>
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<user_name>JohnDaDoeDoeDoooe@gmail.com</user_name>
<password>abc123</password>
//OPTIONAL <cookie>cookieID</cookie>
//OPTIONAL <digital_cert_link>www.mydigitalcertificate.com/
JohnDoeDaDoeDoe@gmail.com/mycertifcate.de</digital_cert_link>
//OPTIONAL <digital_certificate>_DATA_</digital_certificate>
</user_account_credentials>
</user_accounts_details>
<client_details> //iOS Client with App and Webkit
//it should be noted that although several client details
//sections are provided to show example variants of client
//sources, further messages will include only onto save
//space
<client_IP>10.0.0.123</client_IP>
<user_agent_string>Mozilla/5.0 (iPhone; CPU iPhone OS 7_1_1 like Mac OS X)
AppleWebKit/537.51.2(KHTML, like Gecko) Version/7.0 Mobile/11D201
Safari/9537.53</user_agent_string>
<client_product_type>iPhone6,1</client_product_type>
<client_serial number>DNXXX1X1XXXX</client_serial_number>
<client_ UDID>3XXXXXXXXXXXXXXXXXXXXXXXXD</client_ UDID>
<client_OS>i0S</client_OS>
<client_OS_version>7.1.1</client_OS_version>
<client_app_type>app with webkit</client_app_type>
<app_installed_flag>true</app_installed_flag>
<app_name>MLPO.app</app_name>
<app_version>1.0 </app_version>
<app_webkit_name>Mobile Safari</client_webkit name>
<client_version>537.51.2</client_version>
</client_details>
<client_details> //iOS Client with Webbrowser
<client_IP>10.0.0.123</client_IP>
<user_agent_string>Mozilla/5.0 (iPhone; CPU iPhone OS 7_1_1 like Mac OS X)
AppleWebKit/537.51.2 (KHTML, like Gecko) Version/7.0 Mobile/11D201
Safari/9537.53</user_agent_string>
<client_product_type>iPhone6,1</client_product_type>
<client_serial number>DNXXX1X1XXXX</client_serial_number>
<client_ UDID>3XXXXXXXXXXXXXXXXXXXXXXXXD</client_ UDID>
<client_OS>i0S</client_OS>
<client_OS_version>7.1.1</client_OS_version>
<client_app_type>web browser</client_app_type>
<client_name>Mobile Safari</client name>
<client_version>9537.53</client_version>
</client_details>
<client_details> //Android Client with Webbrowser
<client_IP>10.0.0.123</client_IP>
<user_agent string>Mozilla/5.0 (Linux; U; Android 4.0.4; en-us; Nexus S
Build/IMM76D) AppleWebKit/534.30 (KHTML, like Gecko) Version/4.0 Mobile
Safari/534.30</user_agent_string™>
<client_product_type>Nexus S</client_product_type>
<client_serial number>YXXXXXXXXZ</client_serial number>
<client UDID>FXXXXXXXXX-XXXX-XXXX-XXXX-XXXXXXXXXXXXX</client_ UDID>
<client_OS>Android</client_ OS>
<client_OS_version>4.0.4</client_OS_version>
<client_app_type>web browser</client_app_type>
<client_name>Mobile Safari</client name>
<client_version>534.30</client_version>
</client_details>
<client_details> //Mac Desktop with Webbrowser
<client_IP>10.0.0.123</client_IP>
<user_agent_string>Mozilla/5.0 (Macintosh; Intel Mac OS X 10_9_3)
AppleWebKit/537.75.14 (KHTML, like Gecko) Version/7.0.3
Safari/537.75.14</user_agent_string™>
<client_product_type>MacPro5,1</client_product_type>
<client_serial number>YXXXXXXXXZ</client_serial number>
<client UDID>FXXXXXXXXX-XXXX-XXXX-XXXX-XXXXXXXXXXXXX</client_ UDID>
<client_ OS>Mac OS X</client_ OS>
<client_OS_version>10.9.3</client_ OS_version>
<client_app_type>web browser</client_app_type>
<client_name>Mobile Safari</client name>
<client_version>537.75.14</client_version>
</client_details>
<machine_learning simulation_request>
<request_identifier>ID_request_l</request_identifier>
<configuration_settings™>
<historical_data>last 30 years</historical data>
<rolling window_period_length>6 months</rolling window_period_length>
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<time_period_bucket_type>FIXED</time_period_bucket_type>
<time_period_bucket_length>6 months</time_period_bucket_length>
<market_factors>
ID_interest_rate_SY, ID_oil_price, ID_credit_spread, ID_SP500
</market_factors>
<distribution_type>Gaussian</distribution_type>
<machine_learning_structure_type>
deep learning neural network
</machine_learning_structure_type>
<hyper7parametersﬁtoftest>
<hyper_parameters_option>
<option_identifier>ID_option_1</option_identifier>
<encoder>3 layers, 100 perceptrons each</encoder>
<latent_space>50 variables</latent_space>
<decoder>3 layers, 100 perceptrons each</decoder>
</hyper_parameters_option™>
<hyper_parameters_option>
<option_identifier>ID_option_2</option_identifier>
<encoder>4 layers, 80 perceptrons each</encoder>
<latent_space>60 variables</latent_space>
<decoder>4 layers, 80 perceptrons each</decoder>
</hyper_parameters_option™>

</hyper_parameters_to_test>
<number_of simulated_market_scenarios>
1000 scenarios per time period bucket
</number_of simulated_market_scenarios>
</configuration_settings>
</machine_learning simulation_request>
</auth_request>

[0143] A machine learning simulated scenario processing
(MLSSP) component 123 may utilize data provided in the
machine learning simulation request to train a machine
learning structure and/or to generate a set of simulated
scenarios. See FIGS. 2A-B and FIG. 4 for additional details
regarding the ML.SSP component.

[0144] The MLPO server 106 may send a scenario results
store request 125 to a repository 110 to facilitate storing the
generated set of simulated scenarios (e.g., a simulation) in a
database. In one implementation, the scenario results store
request may include data such as a request identifier, a
simulation identifier, simulated scenarios, and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example scenario results store request, substantially
in the form of a HTTP(S) POST message including XML.-
formatted data, as provided below:

POST /scenario_results_store_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<scenario_results_store_request™>
<request_identifier>ID_request_2</request_identifier>
<simulation_identifier>ID_sim_1</simulation_identifier>
<simulated_scenarios>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<market_factor>
<market_factor_identifier>ID_interest_rate_5Y
</market_factor identifier>
<market_factor_change>25 basis points</market_factor_change>
</market_factor>
<market_factor>
<market_factor_identifier>ID_oil_price
</market_factor identifier>
<market_factor_change>$10</market_factor_change>
</market_factor>

-continued

</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<market_factor>
<market_factor_identifier>ID_interest_rate 5Y
</market_factor_identifier>
<market_factor_change>50basis points</market_factor_change>
</market_factor>
<market_factor>
<market_factor_identifier>ID_oil_price
</market_factor_identifier>
<market_factor_change>$15</market_factor_change>
</market_factor>

</scenario>

</simulated_scenarios>
</scenario_results_store_request™>

[0145] The repository 110 may send a scenario results
store response 127 to the MLPO server 106 to confirm that
the generated set of simulated scenarios was stored success-
fully. In one implementation, the scenario results store
response may include data such as a response identifier, a
status, and/or the like. In one embodiment, the repository
may provide the following example scenario results store
response, substantially in the form of a HTTP(S) POST
message including XML -formatted data, as provided below:

POST /scenario_results_store_response.php HTTP/1.1
Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"7>
<scenario_results_store_response>
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<response_identifier>ID_response_2</response_identifier>
<status>OK</status>
</scenario_results_store_response>

[0146] The MLPO server 106 may send a machine learn-
ing simulation response 129 to the administrative client 102
to inform the administrative user that a set of simulated
scenarios was generated successfully. In one implementa-
tion, the machine learning simulation response may include
data such as a response identifier, a status, and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example machine learning simulation response, sub-
stantially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /machine_learning simulation_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XMLversion = “1.0” encoding = “UTF-87?>

<machine_learning simulation_response>
<response_identifier>ID_response_1</response_identifier>
<status>OK</status>

</machine_learning simulation_response>

[0147] The administrative client 102 may send a decision
tree ensembles training request 131 to the MLPO server 106
to facilitate training decision tree ensembles for a universe
of securities. For example, different decision tree ensembles
may be trained for each security for different predictive
capabilities (e.g., one decision tree ensemble may be trained
to estimate conditional Beta for a security, and another
decision tree ensemble may be trained to estimate condi-
tional default for the security). In one implementation, the
decision tree ensembles training request may include data
such as a request identifier, a universe of securities, predic-
tive capabilities configuration, training features configura-
tion, and/or the like. In one embodiment, the administrative
client may provide the following example decision tree
ensembles training request, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:

POST /decision_tree_ensembles_training_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<decision_tree_ensembles_training request>
<request_identifier>ID_request_3</request_identifier>
<universe_of_securities>Securities in S&P 500
</universe_of_securities>
<predictive_capabilities_configuration>
<predictive_capability>
<predictive_capability_type>Conditional Beta
</predictive_capability_type>
<training features>
<feature>ratio of cash to market value of total assets</feature>
<feature>ratio of net income to total assets</feature>
<feature>size measure</feature>
<feature>sector dummy variable</feature>

</training features>
</predictive_capability>
<predictive_capability>

<predictive_capability_type>Conditional Default
</predictive_capability_type>
<training features>
<feature>ratio of cash to market value of total assets</feature>
<feature>unemployment rate</feature>
<feature>value of VIX index</feature>

</training features>
</predictive_capability>
</predictive_capabilities_configuration>
</decision_tree_ensembles_training request>

[0148] A decision tree ensembles training (DTET) com-
ponent 133 may utilize data provided in the decision tree
ensembles training request to train decision tree ensembles
for the universe of securities. See FIG. 5 for additional
details regarding the DTET component.

[0149] The MLPO server 106 may send a decision tree
ensembles store request 135 to the repository 110 to facili-
tate storing the trained decision tree ensembles. In one
implementation, the decision tree ensembles store request
may include data such as a request identifier, decision tree
ensembles, and/or the like. In one embodiment, the MLPO
server may provide the following example decision tree
ensembles store request, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:

POST /decision_tree_ensembles_store_request.php HTTP/1.1
Host: www.server.com
Content-type: Application/ XML
Content-Length: 667
<?XML verison = “1.0” encoding = “UTF-8"?>
<decision_tree_ensemble_store_request>
<request_indentifier>ID_request_4</request_identifier>
<decision_tree_ensembles>
<decision_tree_ensemble>
<decision_tree_ensemble_id>ID_DTE_1
</decision_tree_ensemble_id>
<associated_security>MSFT</associated_security>
<predictive_capability type>Conditional Beta
</predictive_capability_type>
<decision_tree_ensemble_data>
decision tree ensemble datastructure
</decision_tree_ensemble_data>
</decision_tree_ensemble>
<decision_tree_ensemble>
<decision_tree_ensemble_id>ID_DTE_2
</decision_tree_ensemble_id>
<associated_security>MSFT</associated_security>
<predictive_capability_type>Conditional Default
</predictive_capability_type>
<decision_tree_ensemble_data>
decision tree ensemble datastructure
</decision_tree_ensemble_data>
</decision_tree_ensemble>
<decision_tree_ensemble_id>ID_DTE_3
</decision_tree_ensemble_id>
<associated_security>AAPL</associated_security>
<predictive_capability type>Conditional Beta
</predictive_capability_type>
<decision_tree_ensemble_data>
decision tree ensemble datastructure
</decision_tree_ensemble_data>
</decision_tree_ensemble>
<decision_tree_ensemble>
<decision_tree_ensemble_id>ID_DTE 4
</decision_tree_ensemble_id>
<associated_security>AAPL</associated_security>
<predictive_capability_type>Conditional Default
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</predictive_capability_type>
<decision_tree_ensemble_data>
decision tree ensemble datastructure
</decision_tree_ensemble_data>
</decision_tree_ensemble>

</decision_tree_ensembles>
</decision_tree_ensembles_store_request>

[0150] The repository 110 may send a decision tree
ensembles store response 137 to the MLPO server 106 to
confirm that the trained decision tree ensembles were stored
successfully. In one implementation, the decision tree
ensembles store response may include data such as a
response identifier, a status, and/or the like. In one embodi-
ment, the repository may provide the following example
decision tree ensembles store response, substantially in the
form of a HTTP(S) POST message including XML -format-
ted data, as provided below:

POST /decision_tree_ensembles_store_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-87?>

<decision_tree_ensembles_store_response>
<response_identifier>ID_response_4</response_identifier>
<status>OK</status>

</decision_tree_ensembles_store_response>

[0151] The MLPO server 106 may send a decision tree
ensembles training response 139 to the administrative client
102 to inform the administrative user that decision tree
ensembles were trained successfully. In one implementation,
the decision tree ensembles training response may include
data such as a response identifier, a status, and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example decision tree ensembles training response,
substantially in the form of a HTTP(S) POST message
including XML -formatted data, as provided below:

POST /decision_tree_ensembles_training_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<decision_tree_ensembles_training response>
<response_identifier>ID_response_3</response_identifier>
<status>OK-</status>

</decision_tree_ensembles_training response>

[0152] The administrative client 102 may send an
expected returns calculation request 141 to the MLPO server
106 to facilitate calculating expected returns for the universe
of securities under the simulated scenarios. In one imple-
mentation, the expected returns calculation request may
include data such as a request identifier, a universe of
securities, a simulation identifier, a set of simulated sce-
narios, and/or the like. In one embodiment, the administra-
tive client may provide the following example expected
returns calculation request, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:
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POST /expected_returns_calculation_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0 encoding = “UTF-877>

<expected_returns_calculation_request™>
<request_identifier>ID_request_5</request_identifier>
<universe_of_securities>Securities in S&P 500</universe_of securities>
<simulation_identifier>ID_sim_1</simulation_identifier>
<simulated_scenarios>ID_scenario_1, ID_scenario_2,
...</simulated_scenarios>

</expected_returns_calculation_request>

[0153] The MLPO server 106 may send a scenario results
retrieve request 145 to the repository 110 to facilitate
retrieving simulated market factor changes for a simulated
scenario. In one implementation, the scenario results retrieve
request may include data such as a request identifier, a
simulation identifier, a scenario identifier, and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example scenario results retrieve request, substan-
tially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /scenario_results_retrieve_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"7>

<scenario_results_retrieve_request>
<request_identifier>ID_request_6</request_identifier>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_1</scenario_identifier>

</scenario_results_retrieve_request>

[0154] The repository 110 may send a scenario results
retrieve response 147 to the MLPO server 106 with the
requested simulated market factor changes data. In one
implementation, the scenario results retrieve response may
include data such as a response identifier, the requested
simulated market factor changes data, and/or the like. In one
embodiment, the repository may provide the following
example scenario results retrieve response, substantially in
the form of a HTTP(S) POST message including XML-
formatted data, as provided below:

POST /scenario_results_retrieve_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<scenario_results_retrieve_response>
<response_identifier>ID_response_6</response_identifier>
<scenario_data>
<market_factor>
<market_factor_identifier>ID_interest_rate 5Y
</market_factor_identifier>
<market_factor_change>25 basis points</market_factor_change>
</market_factor>
<market_factor>
<market_factor_identifier>ID_oil_price</market_factor_identifier>
<market_factor_change>$10</market_factor_change>
</market_factor>

</scenario_data>
</scenario_results_retrieve_response>
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[0155] An expected returns calculation (ERC) component
149 may utilize data provided in the expected returns
calculation request, data provided in the scenario results
retrieve response, and/or the trained decision tree ensembles
to calculate expected returns for the universe of securities
under the simulated scenarios. See FIG. 7A for additional
details regarding the ERC component.

[0156] The MLPO server 106 may send an expected
returns store request 151 to the repository 110 to facilitate
storing the calculated expected returns. In one implementa-
tion, the expected returns store request may include data
such as a request identifier, expected returns, and/or the like.
In one embodiment, the MLPO server may provide the
following example expected returns store request, substan-
tially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /expected_returns_store_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<eXpectedﬁreturns7storefrequest>
<request_identifier>ID_request_7</request_identifier>
<expected_returns>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<security>
<security_identifier>MSFT</security_identifier>
<expected_return>10%</expected_return>
</security>
<security>
<security_identifier>AAPL</security_identifier>
<expected_return>12%</expected_return>
</security>

</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<security>
<security_identifier>MSFT</security_identifier>
<expected_return>15%</expected_return>
</security>
<security>
<security_identifier>AAPL</security_identifier>
<expected_return>13%</expected_return>
</security>

</scenario>

</expected_returns>
</expected_returns_store_request>

[0157] The repository 110 may send an expected returns
store response 153 to the MLPO server 106 to confirm that
the calculated expected returns were stored successtully. In
one implementation, the expected returns store response
may include data such as a response identifier, a status,
and/or the like. In one embodiment, the repository may
provide the following example expected returns store
response, substantially in the form of a HTTP(S) POST
message including XML-formatted data, as provided below:

POST /expected_returns_store_response.php HTTP/1.1
Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-87?>
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-continued

<expected_returns_calculation_response>
<response_identifier>ID_response_7</response_identifier>
<status>OK</status>

</expected_returns_calculation_response>

[0158] The MLPO server 106 may send an expected
returns calculation response 155 to the administrative client
102 to inform the administrative user that expected returns
for the universe of securities under the simulated scenarios
were calculated successfully. In one implementation, the
expected returns calculation response may include data such
as a response identifier, a status, and/or the like. In one
embodiment, the MLLPO server may provide the following
example expected returns calculation response, substantially
in the form of a HTTP(S) POST message including XMIL.-
formatted data, as provided below:

POST /expected_returns_calculation_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"7>

<expected_returns_calculation_response>
<response_identifier>ID_response_5</response_identifier>
<status>OK</status>

</expected_returns_calculation_response>

[0159] FIGS. 2A-B show a logic flow illustrating embodi-
ments of a machine learning simulated scenario processing
(MLSSP) component for the MLPO. In FIG. 2A, a machine
learning simulated scenario processing request may be
obtained at 201. For example, the machine learning simu-
lated scenario processing request may be obtained as a result
of an administrative user requesting generation of a set of
simulated scenarios.

[0160] A rolling window period length may be determined
at 205. In one embodiment, historical data may be analyzed
to calculate changes to a set of market factors during each
rolling window period of a specified rolling window period
length. In one implementation, the machine learning simu-
lated scenario processing request may be parsed (e.g., using
PHP commands) to determine historical data to analyze
(e.g., based on the value of the historical_data field) and/or
the rolling window period length to use for analysis (e.g.,
based on the value of the rolling window_period_length
field). For example, the machine learning simulated scenario
processing request may specify that the last 30 years of
historical data should be analyzed using 6 month rolling
window periods.

[0161] Market factors to process may be determined at
209. For example, market factors may include interest rates,
credit spread, oil price, equity indices, and/or the like, and
changes to the market factors during a rolling window
period jointly describe a market scenario (e.g., a historical
market scenario for historical changes, a simulated market
scenario for simulated changes). In one implementation, the
machine learning simulated scenario processing request may
be parsed (e.g., using PHP commands) to determine the
market factors to process (e.g., based on the value of the
market_factors field). In another implementation, a set of
default market factors to process may be specified in a
configuration setting.
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[0162] A determination may be made at 213 whether there
remain market factors to process. In one implementation,
each of the market factors may be processed. If there remain
market factors to process, the next market factor (e.g., 6
month change in interest rates) may be selected for process-
ing at 217.

[0163] A determination may be made at 221 whether there
remain rolling window periods to analyze. In one imple-
mentation, historical data for the selected market factor may
be analyzed during each of the rolling window periods. If
there remain rolling window periods to analyze, the next
rolling window period may be selected for analysis at 225.
For example, the next rolling window period may be two
specific time points (e.g., days) 6 months apart.

[0164] A determination may be made at 229 whether data
for the selected rolling window period is available. In one
implementation, this determination may be made based on
whether historical data for the selected market factor is
available for both time points (e.g., for both days) of the
selected rolling window period.

[0165] If historical market factor data is unavailable for
one or both time points (e.g., days) of the selected rolling
window period, the missing data may be imputed using a
machine learning (e.g., k-Nearest Neighbors (k-NN))
method at 233 based on market factor data for other time
points (e.g., for other days). In one implementation, the
k-NN method may be used to match records (e.g., a record
may be a set of market factors for a time point) with missing
data points (e.g., a missing data point may be a missing
market factor data for a time point) in a multi-dimensional
space. For example, the missing data for the selected market
factor for a time point may be calculated as the average of
values of the selected market factor for k nearest neighbors
of the time point as determined based on similarity of the
other market factors.

[0166] Change to the selected market factor during the
selected rolling window period may be calculated at 237. In
one implementation, the change to the selected market factor
during the selected rolling window period may be calculated
by determining the delta between values of the selected
market factor at the two time points of the selected rolling
window period. For example, the 6 month change in 5 year
interest rates for the rolling window period between Jan. 7,
2019 and Jul. 8, 2019, may be calculated by subtracting the
US Treasury 5 Year Par Yield on Jan. 7, 2019 from the US
Treasury 5 Year Par Yield on Jul. 8, 2019. In another
example, the 6 month change in 5 year interest rates for the
rolling window period between Jan. 8, 2019 and Jul. 9, 2019,
may be calculated by subtracting the US Treasury 5 Year Par
Yield on Jan. 8, 2019 from the US Treasury 5 Year Par Yield
on Jul. 9, 2019.

[0167] Once changes to each of the market factors during
each of the rolling window periods are calculated, a deter-
mination may be made at 241 regarding the type of time
period buckets to utilize. In one embodiment, fixed length
time period buckets may be utilized. In another embodiment,
variable length time period buckets may be utilized. In one
implementation, the machine learning simulated scenario
processing request may be parsed (e.g., using PHP com-
mands) to determine the type of time period buckets to
utilize (e.g., based on the value of the time_period_bucket_
type field).

[0168] If fixed length time period buckets are utilized, the
length of time period buckets to utilize may be determined
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at 245. In one implementation, the machine learning simu-
lated scenario processing request may be parsed (e.g., using
PHP commands) to determine the length of time period
buckets to utilize (e.g., based on the value of the time_
period_bucket_length field). For example, the machine
learning simulated scenario processing request may specify
that historical market scenarios generated from the last 30
years of historical data (e.g., using calculated changes from
237) should be split using 6 month long time period buckets,
resulting in 60 time period buckets to process. It is to be
understood that the length of time period buckets is inde-
pendent of the rolling window period length (e.g., the two
lengths may be the same or may be different).

[0169] If variable length time period buckets are utilized,
time period buckets reflective of changes in volatilities and
correlations of the historical data may be determined at 249.
In one implementation, the time period buckets may be
selected by judging the overall goodness of fit between
simulated data from the time period buckets and historical
data. KS tests and Cramer test may be performed jointly
between the simulated market scenarios and the historical
market scenarios. The splitting into time period buckets may
support the objective function of minimizing the KS test
values of the marginal distributions and Cramer test value of
the multivariate distribution of simulated market scenarios
vs. realized historical market scenarios. For example, the
machine learning simulated scenario processing request may
specify that historical market scenarios generated from the
last 30 years of historical data (e.g., using calculated changes
from 237) should be split by bucketing historical market
scenarios from the same economic cycle (e.g., early cycle,
mid cycle, late cycle, recession) together to summarize the
changes in volatilities and correlation structure. In some
implementations, the number of time period buckets may be
determined by balancing the amount of historical data vs. the
number of market factors. For example, given that data
frequency is constant, as the number of market factors
increases the time duration utilized for each time period
bucket increases.

[0170] The historical market scenarios may be bucketed in
accordance with the determined time period buckets at 253.
In one implementation, each historical market scenario may
be assigned a bucket identifier that specifies the time period
bucket associated with the respective historical market sce-
nario.

[0171] A determination may be made at 257 whether there
remain time period buckets to process. In one implementa-
tion, each of the time period buckets may be processed. If
there remain time period buckets to process, the next time
period bucket (e.g., historical market scenarios associated
with the next 6 month long time period bucket) may be
selected for processing at 261.

[0172] A deep learning neural network for the selected
time period bucket may be trained at 281. For example, the
deep learning neural network may be a Gaussian-Mixture
Variational Autoencoder. In one embodiment, the deep
learning neural network may be trained to map historical
market factor changes to latent space variables and/or to
map latent space variables to simulated market factor
changes. See FIG. 2B for additional details regarding train-
ing the deep learning neural network. See FIG. 3 for an
exemplary deep learning neural network architecture.
[0173] The number of market scenarios to simulate may
be determined at 289. For example, 1,000 scenarios may be
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simulated (e.g., resulting in 60,000 total simulated scenarios
over 60 time period buckets). In one implementation, the
machine learning simulated scenario processing request may
be parsed (e.g., using PHP commands) to determine the
number of market scenarios to simulate for each of the time
period buckets (e.g., based on the value of the number_of_
simulated_market_scenarios field). In another implementa-
tion, the number of market scenarios to simulate for each of
the time period buckets may be specified in a configuration
setting. In another implementation, the number of market
scenarios to simulate may differ for different time period
buckets. For example, the number of market scenarios to
simulate may be determined as an Al-driven weight learned
by minimizing the [.2 Norm between real data and simulated
data.

[0174] A determination may be made at 293 whether there
remain market scenarios to simulate. If so, simulated data
may be generated using latent space variables at 295. In one
implementation, random values for latent space variables of
the trained deep learning neural network may be generated.
For example, a random value for a latent space variable of
the trained deep learning neural network may be generated
(e.g., by optimizing the number of perceptrons, the number
of layers of the encoder and decoder neural networks, and/or
the number of latent space variables with the objective
function of minimizing the L2 Norm between generated
market factor changes and historical market factor changes)
from a Gaussian or Gaussian mixture distribution (e.g., from
a multivariate Gaussian distribution) using the Python
NumPy library (e.g., with three inputs including the number
of samples to be generated, mean and variance from the
encoder).

[0175] A set of simulated market factor changes may be
generated from the simulated data using a neural network
decoder of the trained deep learning neural network at 297.
In one implementation, the generated random values of
latent space variables may be fed through the neural network
decoder of the trained deep learning neural network to
obtain a set of simulated market factor changes (e.g., the set
of simulated market factor changes may be referred to as a
simulated market scenario).

[0176] The simulated scenario may be stored in a database
at 299. In one implementation, the simulated scenario may
be stored (e.g., in a batch with other simulated scenarios) via
a scenario results store request.

[0177] FIG. 2B shows additional details regarding training
the deep learning neural network. In FIG. 2B, the historical
market scenarios (e.g., a set of calculated market factor
changes for each rolling window period of the selected time
period bucket) may be obtained at 202. In one implemen-
tation, a reference to a historical market factor changes data
structure (e.g., an array of arrays where each element of the
outer array corresponds to a training data point of historical
market factor changes for a rolling window period, and each
element of the inner array corresponds to a historical return
of'a market factor during the rolling window period) with the
calculated historical market factor changes may be obtained.
[0178] A determination may be made at 206 whether there
remain hyper-parameters options of the deep learning neural
network to analyze. For example, the hyper-parameters of
the deep learning neural network may include the number of
layers and/or perceptrons in each layer of encoder and/or
decoder, the dimensionality of latent space, and/or the like.
In one implementation, the machine learning simulated
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scenario processing request may be parsed (e.g., using PHP
commands) to determine hyper-parameters options to test
(e.g., based on the value of the hyper_parameters_to_test
field). If there remain hyper-parameters options to analyze,
the next set of hyper-parameters (e.g., specified in a hyper_
parameters_option field) for the deep learning neural net-
work may be selected for testing at 210.

[0179] A determination may be made at 212 whether a
termination condition for training the deep learning neural
network has been reached. In various implementations, the
termination condition may comprise one or more of a
specified number of training iterations, a specified training
time, a specified minimum deep learning neural network
performance rank, and/or the like.

[0180] If the termination condition for training the deep
learning neural network has not been reached, a determina-
tion may be made at 214 whether there remain more training
data points to use for training the deep learning neural
network. In one implementation, each of the training data
points in the historical market factor changes data structure
may be used for training. If there remain more training data
points to use, the next training data point (e.g., historical
market factor changes for a rolling window period) may be
selected at 218.

[0181] Input and output layers of the deep learning neural
network may be set to the selected training data point at 222.
In one implementation, the input and output layers may be
f-dimensional layers, where f is the number of market
factors. For example, the input and output layers may be set
to the values of the inner array of the historical market factor
changes data structure corresponding to the selected training
data point.

[0182] The deep learning neural network may be trained
on the selected training data point using a variational auto-
encoder to generate a set of Gaussian-Mixture latent vari-
ables at 226. In one embodiment, the deep learning neural
network may be trained using backpropagation with a speci-
fied loss function. In one implementation, the loss function
may be chosen to minimize mean squared error of the
Euclidean distances of individual market factors return
values to the historical realized return values, and/or to
minimize the variance of joint distributions across encoded
market factors between simulated and historical markets in
the latent space (e.g., the KL. divergence score). In one
embodiment, the loss function on factor returns may be in
the original factor space, while the KL divergence constraint
plays the role in the latent space (lower dimensional space)
to map the encoded factors to Gaussian or Gaussian mixture
distribution. In one implementation, the encoder and the
decoder may be set to have the same structures and during
the training process their weights may be synchronized, so
that half of the total weights have to be learned to reduce the
complexity of deep network training.

[0183] Once the deep learning neural network is trained on
the training data points, performance of the trained deep
learning neural network may be evaluated at 230. For
example, the performance of the trained deep learning neural
network may be evaluated using a set of testing data points
(e.g., available data points may be split into 75% training
data points and 25% testing data points). In one embodi-
ment, the trained deep learning neural network may be
assigned a performance rank (e.g., a score). In one imple-
mentation, differences between market factor changes at the
input layer and market factor changes at the output layer
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may be evaluated using the Kolmogorov-Smirnov (KS) test
for individual market factors and/or Cramer test for joint
distribution to calculate a performance score for the trained
deep learning neural network. For example, for the KS test
and/or the Cramer test, the lower the scores, the better the
performance. Accordingly, the scores may be sorted in
ascending order and performance of deep learning neural
networks may be ranked in the hyperparameter tuning
process such that the deep learning neural network with the
optimal performance is the one with the highest rank.
[0184] If the termination condition for training the deep
learning neural network has been reached, the next set of
hyper-parameters, if any, for the deep learning neural net-
work may be analyzed at 206.

[0185] The neural network with the optimal performance
may be selected at 234. In one implementation, the deep
learning neural network with the best (e.g., highest) perfor-
mance rank may be selected to simulate market scenarios.
[0186] FIG. 3 shows an architecture for the MLPO. In
FIG. 3, an embodiment of how a deep learning neural
network may be structured is illustrated. The deep learning
neural network may have an input layer 301. The input layer
may be an f-dimensional layer, where f is the number of
market factors. Market factor changes data provided to the
input layer may be converted using an encoder 305 into
latent space variables 310. The encoder may comprise one or
more hidden layers, and the number of hidden layers and/or
the number of perceptrons in each layer may be hyper-
parameters tuned for optimal performance. The latent space
variables may comprise a hidden layer of Gaussian mix-
tures, and the dimensionality of latent space may be a
hyper-parameter tuned for optimal performance. In one
embodiment, the latent space may be implemented using a
Gaussian distribution and a mixture layer. The mixture layer
may be designed to introduce richer correlations across
encoded factors and thus approximately formulate a Gauss-
ian mixture distribution. The simulation may be conducted
by sampling from the Gaussian distribution, then the
samples may be transferred to a near Gaussian mixture space
via the mixture layer, and then sent to a decoder that maps
to the original factor space. In another embodiment, the
latent space may be implemented using a standard Gaussian
mixture distribution (GM), where the mixture weights are
hyper-parameters to be fine-tuned. The simulation may be
conducted by sampling from the GM, and then the samples
may be sent to a decoder. Latent space variables data may be
converted using a decoder 315 into market factor changes
data in an output layer 320. The decoder may comprise one
or more hidden layers, and the number of hidden layers
and/or the number of perceptrons in each layer may be
hyper-parameters tuned for optimal performance. The out-
put layer may be an f-dimensional layer, where f is the
number of market factors.

[0187] FIG. 4 shows a logic flow illustrating embodiments
of a machine learning simulated scenario processing
(MLSSP) component for the MLPO. In FIG. 4, a machine
learning simulated scenario processing request may be
obtained at 401. For example, the machine learning simu-
lated scenario processing request may be obtained as a result
of an administrative user requesting generation of a set of
simulated scenarios.

[0188] A rolling window period length may be determined
at 405. In one embodiment, historical data may be analyzed
to calculate changes to a set of market factors during each
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rolling window period of a specified rolling window period
length. In one implementation, the machine learning simu-
lated scenario processing request may be parsed (e.g., using
PHP commands) to determine historical data to analyze
(e.g., based on the value of the historical_data field) and/or
the rolling window period length to use for analysis (e.g.,
based on the value of the rolling window_period_length
field). For example, the machine learning simulated scenario
processing request may specify that the last 30 years of
historical data should be analyzed using 6 month rolling
window periods.

[0189] Market factors to process may be determined at
409. For example, market factors may include interest rates,
credit spread, oil price, equity indices, and/or the like, and
changes to the market factors during a rolling window
period jointly describe a market scenario (e.g., a historical
market scenario for historical changes, a simulated market
scenario for simulated changes). In one implementation, the
machine learning simulated scenario processing request may
be parsed (e.g., using PHP commands) to determine the
market factors to process (e.g., based on the value of the
market_factors field). In another implementation, a set of
default market factors to process may be specified in a
configuration setting.

[0190] A determination may be made at 413 whether there
remain market factors to process. In one implementation,
each of the market factors may be processed. If there remain
market factors to process, the next market factor (e.g., 6
month change in interest rates) may be selected for process-
ing at 417.

[0191] A determination may be made at 421 whether there
remain rolling window periods to analyze. In one imple-
mentation, historical data for the selected market factor may
be analyzed during each of the rolling window periods. If
there remain rolling window periods to analyze, the next
rolling window period may be selected for analysis at 425.
For example, the next rolling window period may be two
specific time points (e.g., days) 6 months apart.

[0192] A determination may be made at 429 whether data
for the selected rolling window period is available. In one
implementation, this determination may be made based on
whether historical data for the selected market factor is
available for both time points (e.g., for both days) of the
selected rolling window period.

[0193] If historical market factor data is unavailable for
one or both time points (e.g., days) of the selected rolling
window period, the missing data may be imputed using a
machine learning (e.g., k-Nearest Neighbors (k-NN))
method at 433 based on market factor data for other time
points (e.g., for other days). In one implementation, the
k-NN method may be used to match records (e.g., a record
may be a set of market factors for a time point) with missing
data points (e.g., a missing data point may be a missing
market factor data for a time point) in a multi-dimensional
space. For example, the missing data for the selected market
factor for a time point may be calculated as the average of
values of the selected market factor for k nearest neighbors
of the time point as determined based on similarity of the
other market factors.

[0194] Change to the selected market factor during the
selected rolling window period may be calculated at 437. In
one implementation, the change to the selected market factor
during the selected rolling window period may be calculated
by determining the delta between values of the selected
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market factor at the two time points of the selected rolling
window period. For example, the 6 month change in 5 year
interest rates for the rolling window period between Jan. 7,
2019 and Jul. 8, 2019, may be calculated by subtracting the
US Treasury 5 Year Par Yield on Jan. 7, 2019 from the US
Treasury 5 Year Par Yield on Jul. 8, 2019. In another
example, the 6 month change in 5 year interest rates for the
rolling window period between Jan. 8, 2019 and Jul. 9, 2019,
may be calculated by subtracting the US Treasury 5 Year Par
Yield on Jan. 8, 2019 from the US Treasury 5 Year Par Yield
on Jul. 9, 2019.

[0195] Once changes to each of the market factors during
each of the rolling window periods are calculated, a deter-
mination may be made at 441 regarding the type of time
period buckets to utilize. In one embodiment, fixed length
time period buckets may be utilized. In another embodiment,
variable length time period buckets may be utilized. In one
implementation, the machine learning simulated scenario
processing request may be parsed (e.g., using PHP com-
mands) to determine the type of time period buckets to
utilize (e.g., based on the value of the time_period_bucket_
type field).

[0196] If fixed length time period buckets are utilized, the
length of time period buckets to utilize may be determined
at 445. In one implementation, the machine learning simu-
lated scenario processing request may be parsed (e.g., using
PHP commands) to determine the length of time period
buckets to utilize (e.g., based on the value of the time_
period_bucket_length field). For example, the machine
learning simulated scenario processing request may specify
that historical market scenarios generated from the last 30
years of historical data (e.g., using calculated changes from
437) should be split using 6 month long time period buckets,
resulting in 60 time period buckets to process. It is to be
understood that the length of time period buckets is inde-
pendent of the rolling window period length (e.g., the two
lengths may be the same or may be different).

[0197] If variable length time period buckets are utilized,
time period buckets reflective of changes in volatilities and
correlations of the historical data may be determined at 449.
In one implementation, the time period buckets may be
selected by judging the overall goodness of fit between
simulated data from the time period buckets and historical
data. KS tests and Cramer test may be performed jointly
between the simulated market scenarios and the historical
market scenarios. The splitting into time period buckets may
support the objective function of minimizing the KS test
values of the marginal distributions and Cramer test value of
the multivariate distribution of simulated market scenarios
vs. realized historical market scenarios. For example, the
machine learning simulated scenario processing request may
specify that historical market scenarios generated from the
last 30 years of historical data (e.g., using calculated changes
from 437) should be split by bucketing historical market
scenarios from the same economic cycle (e.g., early cycle,
mid cycle, late cycle, recession) together to summarize the
changes in volatilities and correlation structure. In some
implementations, the number of time period buckets may be
determined by balancing the amount of historical data vs. the
number of market factors. For example, given that data
frequency is constant, as the number of market factors
increases the time duration utilized for each time period
bucket increases.
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[0198] The historical market scenarios may be bucketed in
accordance with the determined time period buckets at 453.
In one implementation, each historical market scenario may
be assigned a bucket identifier that specifies the time period
bucket associated with the respective historical market sce-
nario.

[0199] A determination may be made at 457 whether there
remain time period buckets to process. In one implementa-
tion, each of the time period buckets may be processed. If
there remain time period buckets to process, the next time
period bucket (e.g., historical market scenarios associated
with the next 6 month long time period bucket) may be
selected for processing at 461.

[0200] A determination may be made at 465 whether there
remain market factors to process. In one implementation,
each of the market factors may be processed. If there remain
market factors to process, the next market factor (e.g., 6
month change in interest rates) may be selected for process-
ing at 469.

[0201] A distribution to use for the selected market factor
during the selected time period bucket may be determined
using the selected market factor’s goodness of fit at 473. For
example, a distribution to use may be Gaussian, log-normal,
and/or the like. In one implementation, goodness of fit
calculation may be performed to determine which distribu-
tion fits the historical returns (e.g., the calculated changes)
for each time bucket using Kolmogorov-Smirnov Test (KS
test) and/or Cramer test. For example, the distribution to use
may be determined as the one with the best KS test perfor-
mance for each of the individual factor and/or Cramer test
performance for the overall distribution.

[0202] The determined marginal distribution to use may
be fitted to the historical returns of the selected market factor
during the selected time period bucket at 477. For example,
the determined marginal distribution to use may be a Gauss-
ian distribution. Accordingly, and a of the Gaussian distri-
bution may be determined. In one implementation, the
Gaussian distribution may be fitted by calculating p and o of
the historical returns (e.g., of the calculated changes) of the
selected market factor during the selected time bucket. In
one embodiment, the fitting may be implemented using
Apache Spark. In some implementations, the fitting for
multiple time buckets may occur in parallel. For example, a
mapper function that performs the fitting and simulation for
each time bucket and utilizes group by on time buckets may
be implemented as follows:

reducer_simulator = generate_reducer_func(sim_id, 1 +
num_sim_row / num_buckets) us_tsy_sim =
us_tsy.map(lambda x: (x[0], x[2])).groupByKey
(num_buckets).flatMap(reducer_simulator)

[0203] A copula for the processed market factors for the
selected time period bucket may be determined at 481. For
example, the copula may be utilized to capture the depen-
dency structure between marginal distributions of the market
factors during the selected time period bucket. In one
implementation, the copula may be fitted as follows:
[0204] 1. Feed factor return through its own CDF func-
tion to a distribution of the grades; a uniformly distrib-
uted random variable
[0205] 2. Copula of a set of factors will be the joint
distribution of factors’ grades. Joint=Copula+Margin-
als
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For example, the SN R package may be utilized to determine
the copula and supports Gaussian, skewed Gaussian, T and
Skewed T Copula.

[0206] A multi-variate mixture model for the selected time
period bucket may be trained at 485. For example, the
multi-variate mixture model may be a multi-variate Gauss-
ian mixture model. In one implementation, in Python, scipy.
stats.multivariate_normal may be used for the different time
period buckets to formulate a multi-variate Gaussian mix-
ture. In another implementation, the SN R package may be
utilized. In another implementation, training of the Gaussian
mixture models may be implemented using Apache Spark.
For example, the multi-variate mixture model for the
selected time period bucket may be trained using the org.
apache.spark.ml.clustering. GaussianMixture.fit( ) function,
and the multi-variate mixture model may take the form of a
org.apache.spark.ml.clustering. GaussianMixture multi-vari-
ate mixture datastructure. In one embodiment, the marginal
distribution may be fitted to optimize the distributional
families and their respective distributional parameters to
minimize the KS test value between the marginal distribu-
tion and the historical distribution. In selecting various
probability density functions such as Gaussian, skewed
Gaussian, student T or skewed T copula, Cramer test and KS
test values may be applied to minimize the multivariate
and/or marginal distributions between simulated and histori-
cal data.

[0207] The number of market scenarios to simulate may
be determined at 489. For example, 1,000 scenarios may be
simulated (e.g., resulting in 60,000 total simulated scenarios
over 60 time period buckets). In one implementation, the
machine learning simulated scenario processing request may
be parsed (e.g., using PHP commands) to determine the
number of market scenarios to simulate for each of the time
period buckets (e.g., based on the value of the number_of_
simulated_market_scenarios field). In another implementa-
tion, the number of market scenarios to simulate for each of
the time period buckets may be specified in a configuration
setting. In another implementation, the number of market
scenarios to simulate may differ for different time period
buckets.

[0208] A determination may be made at 493 whether there
remain market scenarios to simulate. If so, a set of simulated
market factor changes may be generated using the multi-
variate mixture model at 495. In one implementation, in
Python, scipy.stats.multivariate_normal may be used to gen-
erate the set of simulated market factor changes. In another
implementation, the SN R package may be utilized. In an
alternative implementation, the set of simulated market
factor changes may be generated using the scikit-learn
sklearn.mixture.BayesianGaussianMixture.sampleQ
method.

[0209] The simulated scenario may be stored in a database
at 499. In one implementation, the simulated scenario may
be stored (e.g., in a batch with other simulated scenarios) via
a scenario results store request.

[0210] FIG. 5 shows a logic flow illustrating embodiments
of a decision tree ensembles training (DTET) component for
the MLPO. In FIG. 5, a decision tree ensembles training
request may be obtained at 501. For example, the decision
tree ensembles training request may be obtained as a result
of an administrative user requesting training of decision tree
ensembles.

[0211] Requested predictive capabilities may be deter-
mined at 505. For example, predictive capabilities may
include estimating conditional Beta for a security, estimating
conditional default for a security, and/or the like. In one
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implementation, the decision tree ensembles training request
may be parsed (e.g., using PHP commands) to determine the
requested predictive capabilities (e.g., based on the value of
the predictive_capability_type fields). In another implemen-
tation, the requested predictive capabilities may be specified
in a configuration setting.

[0212] A universe of securities to process may be deter-
mined at 509. For example, the universe of securities (e.g.,
securities in the S&P 500 Index) may include a list of
equities, fixed income, and/or the like securities. In one
implementation, the decision tree ensembles training request
may be parsed (e.g., using PHP commands) to determine the
universe of securities (e.g., based on the value of the
universe_of_securities field). In another implementation, the
universe of securities may be specified in a configuration
setting.

[0213] A determination may be made at 513 whether there
remain securities to process. In one implementation, each of
the securities in the universe of securities may be processed.
If there remain securities to process, the next security may
be selected for processing at 517.

[0214] A determination may be made at 521 whether there
remain predictive capabilities to train for the selected secu-
rity. In one implementation, each of the requested predictive
capabilities for the selected security may be trained. If there
remain predictive capabilities to train, the next predictive
capability may be selected for training at 525.

[0215] Features to use for training decision tree ensembles
that provide the selected predictive capability for the
selected security may be determined at 529. For example,
different features may be used when training decision tree
ensembles for fixed income and equity securities, for con-
ditional Beta and conditional default. See FIGS. 6A-D for
examples of features that may be used when training deci-
sion tree ensembles. In one implementation, the decision
tree ensembles training request may be parsed (e.g., using
PHP commands) to determine the features to use for training
(e.g., based on the value of the training_features field). In
another implementation, the features to use for training may
be specified in a configuration setting.

[0216] A determination may be made at 533 whether
sufficient training data is available for training decision tree
ensembles that provide the selected predictive capability for
the selected security. For example, if the features to use for
training include pricing history features, a determination
may be made if sufficient pricing history data for the selected
security is available.

[0217] If sufficient training data is available for training
decision tree ensembles that provide the selected predictive
capability for the selected security, the training data may be
obtained at 537. In one implementation, a reference to a
training data datastructure may be obtained. For example,
the training data datastructure may be structured as follows:

Feature_1_ Feature_2 Feature_N_
Target  ID:Value ID:Value ID:Value
(Beta)  (cashmta) (ni_ta) (sec45)
Data Point 1 1.1 1:0.3 2:0.5 4:1
Data Point 2 1.4 1:0.2 2:0.6 4:0

[0218] As an example of training data for a muni instru-
ment for estimating Beta, the Beta of the instrument returns
vs. muni index average return over a three month time
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period may be calculated using rolling 3 month daily returns.
This set of Beta is the target variable. The market scenarios
leading up to the return period are the trailing market
scenario features. Instrument to index relative features are
used to capture idiosyncratic risk (e.g., some muni instru-
ments spread will trade richer, others cheaper relative to the
muni index average spread). The market scenarios within the
return period are also used as features.

[0219] A determination may be made at 541 whether a
termination condition for training decision tree ensembles
that provide the selected predictive capability for the
selected security has been reached. In various implementa-
tions, the termination condition may comprise one or more
of a specified number of training iterations, a specified
training time, a specified minimum performance rank, and/
or the like. For example, a performance rank may be
determined by calculating R* for the decision tree ensembles
(e.g., available data points may be split into 75% training
data points and 25% testing data points for validation).

[0220] If the termination condition for training the deci-
sion tree ensembles has not been reached, a determination
may be made at 545 whether there remain more training data
points to use for training the decision tree ensembles. In one
implementation, each of the training data points in the
training data datastructure may be used for training. If there
remain more training data points, the next training data point
(e.g., Beta and feature values) may be selected at 549. The
decision tree ensembles may be trained on the selected
training data point using gradient boosting at 553. In one
implementation, the XGBoost library may be used to train
the decision tree ensembles using the training data data-
structure. For example, in Python, using the XGBoost pack-
age, the decision tree ensembles may be trained as follows:

Training:
def exe_xgb(ft_pd):
data = ft_pd.copy()
X = data.loc[:, 1:]
y = data.iloc[:, 0]
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0125)

model = xgb.XGBRegressor( )
model.fit(X_train, y_train)
score = model.score(X_test, y_test)
return model, score
Scoring:
def calculate_inst(x):
key_cusip = x[0]
ft_no_sim =x[1]
model_cusip = x[2]
Row_list =[ ]

features_pd = ft_sim_pd_orig.copy( )
scoring_df = features_pd[features_pd.columns[:ft_sim_ini]]
ft_row_num = len(features_pd)

ft_left = ft_no_sim.values * ft_row_num
ft_left = pd.DataFrame(ft_left, columns=list(ft_no_sim.columns))
ft_right = features_pd[features_pd.columns[ft_sim_ini:]]

X_scoring = pd.concat([ft_left, ft_right], axis=1)
y_scoring = model_cusip.predict(X_scoring)
y_scoring = pd.DataFrame(y_scoring, columns=['measure_value'])
y_scoring['asset_id"] = key_cusip
y_scoring_complete = scoring_df.join(y_scoring)
y_scoring_complete = y_scoring complete[col_order]
for index, rows in y_scoring complete.iterrows( ):
my_list =[int(rows.asset_id), int(rows.market_id),
float(rows.measure_value)]
Row_list.append(my_list)
return Row_list
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[0221] If the termination condition for training the deci-
sion tree ensembles has been reached, the trained decision
tree ensembles that provide the selected predictive capability
for the selected security may be stored in a database at 557.
In one implementation, the decision tree ensembles may be
stored via a decision tree ensembles store request.

[0222] FIGS. 6A-D show implementation case(s) for the
MLPO. In FIGS. 6A-D, features that may be used for
estimating conditional Beta and/or conditional default are
illustrated.

[0223] FIG. 7A shows a logic flow illustrating embodi-
ments of an expected returns calculation (ERC) component
for the MLPO. In FIG. 7A, an expected returns calculation
request may be obtained at 701. For example, the expected
returns calculation request may be obtained as a result of an
administrative user requesting calculation of expected
returns for a universe of securities under simulated scenarios
(e.g., of a simulation).

[0224] The universe of securities to process may be deter-
mined at 705. For example, the universe of securities (e.g.,
securities in the S&P 500 Index) may include a list of
equities, fixed income, and/or the like securities. In one
implementation, the expected returns calculation request
may be parsed (e.g., using PHP commands) to determine the
universe of securities (e.g., based on the value of the
universe_of_securities field). In another implementation, the
universe of securities may be specified in a configuration
setting.

[0225] A determination may be made at 709 whether there
remain securities to process. In one implementation, each of
the securities in the universe of securities may be processed.
If there remain securities to process, the next security may
be selected for processing at 713.

[0226] Simulated market scenarios to analyze may be
determined at 715. In one implementation, the expected
returns calculation request may be parsed (e.g., using PHP
commands) to determine the simulated market scenarios to
analyze (e.g., based on the values of the simulation_identi-
fier field and/or the simulated_scenarios field). In another
implementation, the simulated market scenarios to analyze
may be specified in a configuration setting.

[0227] A determination may be made at 717 whether there
remain simulated market scenarios to analyze. In one imple-
mentation, each of the simulated market scenarios (e.g., of
the simulation) may be analyzed. If there remain simulated
market scenarios to analyze, the next market scenario (e.g.,
from the 60,000 simulated scenarios) may be selected for
analysis at 721.

[0228] Features to utilize for conditional Beta estimation
for the selected security under the selected simulated market
scenario may be determined at 725. For example, different
features may be used when estimating conditional Beta for
fixed income and equity securities. In one implementation,
the features that were used for training decision tree
ensembles for estimating conditional Beta, as discussed with
regard to FIG. 5, may be utilized. In one embodiment, the
calculation of conditional Beta for different assets may be
parallelized using Apache Spark. The mapper function may
partition by asset_id, such as CUSIP, and may use XGBoost
to train a model for each asset. The data frames for the
XGBoost models may be stored as binary data as part of the
calculation workflow to a relational database concurrently.
The scoring process that generates a distribution of Beta for
each asset may also be parallelized. The data storage design
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and parallel computing implementation of the MLPO allows
each asset to have its own set of residuals. The residuals may
be further analyzed to ensure that there is no systematic bias
overstating or understating the simulated Beta, and/or that
the residuals are not correlated with the simulated Beta. The
sum of the simulated Beta from common risk factors and the
residuals may be stored as the final simulated Beta. For
example, the XGBoost model may be executed as follows:

model_function = generate_model(model_column, instrument column,
ratio_column, factor_column, delta_length, time_series_length,
delta_name, feature_engineering_function_name, xgb_function_name)
conditional_beta_model = raw_data.rdd \

.map(extract cusip)\

.groupByKey(num_partitions)\

.map(function_including feature_engineering_and_xgb)

[0229] A determination may be made at 729 whether
sufficient estimation data is available for estimating condi-
tional Beta for the selected security under the selected
simulated market scenario. In one implementation, a deter-
mination may be made whether instrument data for the
selected security during the time period associated with the
selected simulated market scenario is available. For
example, if the features to use for conditional Beta estima-
tion include pricing history features, a determination may be
made if pricing history data for the selected security is
available during the time period associated with the selected
simulated market scenario. In another implementation, a
determination may be made whether decision tree ensembles
for estimating conditional Beta for the selected security
exist. For example, if sufficient training data was not avail-
able, decision tree ensembles for estimating conditional Beta
for the selected security may not have been trained.

[0230] If sufficient estimation data is available (e.g., deci-
sion tree ensembles exist and pricing history data is avail-
able), the selected security’s conditional Beta may be esti-
mated using the decision tree ensembles trained to estimate
conditional Beta for the selected security at 733. In one
implementation, the decision tree ensembles may be queried
to predict the selected security’s conditional Beta based on
the estimation data.

[0231] If sufficient estimation data is not available (e.g.,
decision tree ensembles do not exist or pricing history data
is not available), the selected security’s conditional Beta
may be estimated using a machine learning (ML) method at
737. In one implementation, the k-NN method may be used
to estimate conditional Beta for the selected security by
finding the closest modeled security to the selected security,
and using the closest modeled security’s estimated condi-
tional Beta as a proxy of the selected security’s estimated
conditional Beta. For example, the features to utilize for
conditional Beta estimation may be used as inputs to the
k-NN to find the closest modeled security.

[0232] Features to utilize for conditional default probabil-
ity estimation for the selected security under the selected
simulated market scenario may be determined at 741. For
example, different features may be used when estimating
conditional default probability for fixed income and equity
securities. In one implementation, the features that were
used for training decision tree ensembles for estimating
conditional default probability, as discussed with regard to
FIG. 5, may be utilized.
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[0233] A determination may be made at 745 whether
sufficient estimation data is available for estimating condi-
tional default probability for the selected security under the
selected simulated market scenario. In one implementation,
a determination may be made whether instrument data for
the selected security during the time period associated with
the selected simulated market scenario is available. For
example, if the features to use for conditional default prob-
ability estimation include pricing history features, a deter-
mination may be made if pricing history data for the selected
security is available during the time period associated with
the selected simulated market scenario. In another imple-
mentation, a determination may be made whether decision
tree ensembles for estimating conditional default probability
for the selected security exist. For example, if sufficient
training data was not available, decision tree ensembles for
estimating conditional default probability for the selected
security may not have been trained. In one embodiment, the
calculation of default probability for different assets may be
parallelized using Apache Spark. The mapper function may
partition by asset_id, such as CUSIP, and may use XGBoost
to train a model for each asset. Features, such as company
financials data and macro factors, may be distributed by
asset id. The data frames for the XGBoost models may be
stored as binary data as part of the calculation workflow to
a relational database concurrently. The scoring process that
generates a default probability distribution for each asset
under various simulated market scenarios may also be
parallelized with factor simulation data broadcasted to the
worker nodes. The data storage design and parallel comput-
ing implementation of the MLPO allows each instrument to
have its own XGBoost model. For example, the XGBoost
model may be executed as follows:

model_function = generate_model(model_column, instrument column,
ratio_column, factor_column, delta_length, time_series_length,
delta_name, feature_engineering function _name, xgb_function_name,
sector_column, default_probability_column)
conditional_default model = raw_data.rdd \

.map(extract cusip)\

.groupByKey(num_partitions)\

.map(function_including feature_engineering and_xgb)

[0234] If sufficient estimation data is available (e.g., deci-
sion tree ensembles exist and pricing history data is avail-
able), the selected security’s conditional default probability
may be estimated using the decision tree ensembles trained
to estimate conditional default probability for the selected
security at 749. In one implementation, the decision tree
ensembles may be queried to predict the selected security’s
conditional default probability based on the estimation data.

[0235] If sufficient estimation data is not available (e.g.,
decision tree ensembles do not exist or pricing history data
is not available), the selected security’s conditional default
probability may be estimated using a machine learning (ML)
method at 753. In one implementation, the k-NN method
may be used to estimate conditional default probability for
the selected security by finding the closest modeled security
to the selected security, and using the closest modeled
security’s estimated conditional default probability as a
proxy of the selected security’s estimated conditional default
probability. For example, the features to utilize for condi-
tional default probability estimation may be used as inputs
to the k-NN to find the closest modeled security.
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[0236] Default for the selected security under the selected
simulated market scenario may be simulated at 757. In one
implementation, the value of a random variable that has
values corresponding to Default (e.g., with probability equal
to: the selected security’s conditional default probability)
and No Default (e.g., with probability equal to: 1—the
selected security’s conditional default probability) expected
return types may be simulated. For example, the value of the
random variable may be randomly generated from a stan-
dard normal distribution as a number from 0 to 1. If the
number is smaller than the estimated conditional default
probability, the default value is set to 1 (Default), otherwise
to 0 (No Default) (e.g., if the conditional default probability
for market scenario 10001 is 10% and the randomly gener-
ated number is 0.312, then the asset’s default flag for
scenario 10001 is set to 0 (No Default; if the randomly
generated number is 0.05, which is smaller than 0.1 (10%
default probability), then the asset’s default flag for scenario
10001 is set to 1 (Default)).

[0237] A determination may be made at 761 whether the
expected return type for the selected security under the
selected simulated market scenario is Default or No Default.
If the expected return type is No Default, an expected return
for the selected security under the selected simulated market
scenario may be calculated at 765. For example, the
expected return (ER) may be calculated as follows:

[0238] Fixed Income Assets—No Default:

ER= Z Exposure( f, i) X Conditional Beta(i, m) X

Jfactor=1

Simulated Factor Change(f, m) + Carry + Rolldown

[0239] Equity Assets—No Default:

ER=Conditional Beta(i,m)xSimulated Return of
Equity Index(f,m)
[0240] Where:
[0241] fis the number of market factors for which an
instrument has price sensitivities

[0242] i is the number of instruments in the investable
universe
[0243] Exposure is a f by 1 matrix that contains instru-

ments’ return sensitivities to market factors. They are
calculated as the Beta of instruments’ return to the
market factor change. For example, for fixed income
instruments, the exposure to interest rate risk factors
may be option adjusted durations. They may be calcu-
lated by moving the rates up and down “shocking the
yield curve”, discounting the cashflows of the bond
while adjusting for optionality. The bigger the differ-
ences in present values for a given unit of interest rate
shock, the higher the duration, aka “return sensitivity to

rates”.
[0244] m is the number of simulated market scenarios
[0245] For example, each instrument i may have a

different Beta along each simulated market scenario

[0246] Conditional Beta is a i by m matrix

[0247] Simulated Factor Change is a f by m matrix;
each market factor may have a simulated change value
along each market scenario

[0248] Equity Index is a market factor simulated along
with other market factors
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[0249] Conditional beta may be calculated for indi-
vidual equities against their respective equity indices
for each simulated market scenario.

[0250] If the expected return type is Default, an expected
return for the selected security under the selected simulated
market scenario may be calculated at 769. For example, the
expected return (ER) may be calculated as follows:

[0251] Fixed Income Assets—Default:

B ((Recovery Rate x 100) — Price)

ER
Price

[0252] Equity Assets—Default:
ER=0
Where:
R Rate = 1 Credit Spread
CCOvery Rt = . = Conditional Default Probability
[0253] The calculated expected returns may be stored in a

database at 773. In one implementation, the calculated
expected returns may be stored via an expected returns store
request.

[0254] FIG. 7B illustrates embodiments of a computation
engine architecture that supports and implements the busi-
ness logic. In various implementations the computation
engine may be characterized by the following features:

[0255] 1: Parallel on Parallel Hierarchy and Flexible Cal-
culation Dependencies: Use Apache AirFlow to define cal-
culation workflow and enable concurrent processing of a
single or multiple calculation module(s) and flexible depen-
dencies. For example, 3 month, 6 month and 12 months
(e.g., based on rolling window period length) simulations
from multiple factor simulation models may be processed in
parallel. The dependency management allows risk data
maintenance and pushing risk analytics to a cloud based
datamart (e.g., SnowFlake) upon the completion of asset
return simulation for assets across time horizons and simu-
lation models. Furthermore, within each calculation module,
Apache Spark may be used to enable parallel computing of
instruments. For example, to calculate 12 month asset return
simulation for the deep learning model (asimlY_DI,_
CMA), over 130,000 bond instruments may be distributed
across hundreds of worker nodes in the cloud. This type of
parallel on top of parallel technology approach maximizes
the utilization of cloud based computing power and provides
control and flexibility for defining calculation dependencies.
[0256] 2: Self-Service: Computation capabilities may be
authored by domain experts. Team members may orchestrate
and assemble the capabilities and declare dependencies with
custom built WDL (Workflow Declaration Language). In
one implementation, YAML may be used as the WDL..
[0257] 3: Heterogenous Platforms: Various computation
platforms such as parallel computing using Apache Spark
using Scala/Java/Python, distributed computing on Virtual
Servers using Golang, SQL and shell scripts, and/or the like
may be supported.

[0258] 4: Event-Based: Tasks in the Workflow may be
automatically triggered based on events.
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[0259] 5: Cloud provider Agnostic: Open source technolo-
gies such as Apache Airflow, Apache Spark and Postgresql,
and/or the like may be leveraged.

[0260] 6: Performance Optimization: Computation perfor-
mance may be optimized by using network-optimized,
memory-optimized and/or compute-optimized cloud
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instances based on the nature of the computation. Multiple
jobs may be scheduled to single or multiple clusters.
[0261] 7: Cost Optimization: Inexpensive commodity-
grade virtual servers may be provisioned dynamically lever-
aging inexpensive Spot Instances or Reserved Instances.
[0262] An exemplary WDL that orchestrates the worktlow
and the dependencies may be implemented as follows:

default:
owner: ‘atim-de’
dag:
dag id: atim-pg-prod
tasks:
create_cluster:
operator: PythonOperator
python_callable: create_emr

op_kwargs: {‘num_core_nodes’: 28}

wait_for_cluster_completion:
operator: PythonOperator

python_callable: wait_for_completion

terminate_cluster:
operator: PythonOperator
python_callable: terminate_emr
bond_am:
operator: PythonOperator
python_callable: run_spark_job

op_kwargs: {‘file’: “s3://codebase/bond_am.jar’, ‘conf’:
*s3://codebase/bond_am/app.conf’, ‘className’: ‘com.atim.data. ETLHashDirect’ }

fund_am:
operator: PythonOperator
python_callable: run_spark_job

op_kwargs: {“file’: “s3://codebase/fund_am.jar’, ‘conf’:
*s3://codebase/fund_am/app.conf”, ‘className’: ‘com.atim.data. ETLHashDirect’}

bond_expo:
operator: PythonOperator
python_callable: run_spark_job

op_kwargs: {*file’: ‘s3://codebase/bond_expo.jar’, ‘conf’:
*s3://codebase/bond_expo/app.conf”, ‘className’: ‘com.atim.data. ETLHashDirect’}

fund_expo:
operator: PythonOperator
python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/fund_expo.jar’, ‘conf’:
*s3://codebase/fund_expo/app.conf’, ‘className’: ‘com.atim.data. ETLHashDirect’}

merge_am:
operator: PythonOperator
python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/merge_am.jar’, ‘conf’:
*s3://codebase/merge_am/app.conf”, ‘className’: ‘com.atim.data.S3MergeMapAm’}

merge_expo:
operator: PythonOperator

python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/merge_expo.jar’, ‘conf’:
*s3://codebase/merge_expo/app.conf’, ‘className’: ‘com.atim.data.S3MergeMap’}

asim3M_DIL_CMA:
operator: PythonOperator

python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:
[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig_DL_3M.yml’]}

asim6M_DIL_CMA:
operator: PythonOperator

python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:
[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig_DL_6M.yml’]}

asimlY_DL_CMA:
operator: PythonOperator

python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:
[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig_DL_1Y.yml’]}

asimlY_DL_NONCMA:
operator: PythonOperator

python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:
[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig_ DL_1Y_NonCMA.yml’]}

asim3M_MV_CMA:
operator: PythonOperator

python_callable: run_spark_job

op_kwargs: {“file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:
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[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig MV_3M.yml’]}

asim6M_MV_CMA:
operator: PythonOperator
python_callable: run_spark_job
op_kwargs: {‘file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:

[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig MV_6M.yml’]}

asimlY_MV_CMA:
operator: PythonOperator
python_callable: run_spark_job
op_kwargs: {‘file’: ‘s3://codebase/postgres/main.py’, ‘pyFiles’:

[“s3://codebase/postgres/asim.zip™], ‘args’: [‘atimProdConfig MV_1Y.yml’]}

db_data_maintenance:

operator: BashOperator

bash_command: ‘query’
push_asset_to_snowflake:

operator: BashOperator

bash_command: “snowflake_asset.sh’”
push_assetsim_to_snowflake:

operator: BashOperator

bash_command: “snowflake_assetsim.sh”

dependancies:

- create_cluster >> wait_for_cluster_completion
- wait_for_cluster_completion >> bond_expo
- bond_expo >> fund_expo, bond_am, fund_am
- bond_am, fund_am >> merge_am
- bond_expo, fund_expo >> merge_expo
- merge_am >> merge_expo

- merge_expo >> asim3M_DL_CMA, asim6M_DL_CMA, asimlY_DL_CMA, asimlY_DL_NONCMA,

asim3M_MV_CMA, asim6M_MV_CMA, asimlY_MV_CMA

- asim3M_DL_CMA, asim6M_DL_CMA, asim1Y_DL_CMA, asim1Y_DL_NONCMA, asim3M_MV_CMA,

asim6M_MV_CMA, asim1Y_MV_CMA >> terminate_cluster
- terminate_cluster >> db_data_maintenance
- terminate_cluster >> push_asset_to_snowflake
- push_asset_to_snowflake >> push_assetsim_to_snowflake

[0263] The visual view of the above workflow is illus-
trated at 702 in FIG. 7C.

[0264] Exemplary pseudo code that distributes the asset
simulation across provisioned clusters of nodes is shown
below. Exposure data in ‘expo’ and factor simulation data
(encapsulated in the curried function fsim_func) may be
broadcasted to the worker nodes for distributed computa-
tion.

-continued

properties=conn_props
)
partition_meta = {
‘numPartitions’: str(self.read_partitions),
‘partitionColumn’: © asset_id’,
‘lowerBound’: <0°,
‘upperBound’: str(self.select_fexpo_count(pricing_dt))

expo.rdd.map(fsim_func)

Expo data are read and partitioned by asset_id:
expo_tall_sdf = self.sqlContext.read.jdbe(
url=self.jdbc_conn_str,
table=fexpo_sql,

[0265] Calculations may be executed concurrently on the
worker nodes using pseudo code such as shown below.
Factor Sims may be broadcasted to the worker nodes.

def calculate_inst(x):

Performs dot product between row of Factor Exposer RDD (x)
and Factor Sim matrix return as list of lists.

sy = asset_ref_dict.get(str(x.asset_id), { }).get(“static_yield”, Decimal(*0.0%))
# month to mature

mon2mature = asset_ref_dict.get(str(x.asset_id), { }).get(“month_to_mature”, { })
bias_coef = bias_coef_with_month2mature(mon2mature, horizon)

# Dot product and set datatype as float

fsim = fsim_vals.astype(float)

fexpo = np.array(x)[fexpo_fetr_idx].astype(float)

return_arry = fsim.dot(fexpo)

# clip return via option price upper and lower

p_lower = asset_ref_dict.get(str(x.asset_id), { }).get(“price_lower”, { })
p_upper = asset_ref_dict.get(str(x.asset_id), { }).get(“price_upper”, { })
return_clip = clip_lower_and_upper(p_lower, p_upper, return_arry)

# add carry

return_clip_plus_carry = np.array(return_clip).astype(float) + float(bias_coef) *

float(sy)
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#CVaR calculation
cvar_minus =

np.mean(np.sort(return_clip_plus_carry)[:int(len(return_clip_plus_carry) *

cvar_percentile * 0.01)])
return_int = array2int(return_clip_plus_carry)

return [x.asset_id, x.pricing_dt, sim_id, return_int, float(cvar_minus)]

[0266] The generated asset simulation data may be popu-
lated into RDMS Postgresql and Enterprise Snowflake Data
Lake in a wide format for optimal performance. The wide
format is illustrated at 706 in FIG. 7C.
[0267] The wide format may be turned into a tall format
for reporting and analysis as follows:

[0268] SELECT asset_id, sim_id, generate_series(0,

7449) market_id, unnest(returns) as returns
[0269] FROM prod.asset_sim_w
[0270] WHERE asset_id=2012082100000122 and sim__
id=34 and pricing_dt=2020-06-05"

[0271] ORDER BY 1, 2, 3;
[0272] The tall format is illustrated at 710 in FIG. 7C. In
this figure, market scenario identifier field scenario identifier
is referred to as market id.
[0273] FIG. 8 shows a datagraph illustrating data flow(s)
for the MLPO. In FIG. 8, a user client 804 (e.g., of a user)
may send a portfolio construction request 821 to a MLPO
server 806 to facilitate creating an optimized portfolio. For
example, the user client may be a desktop, a laptop, a tablet,
a smartphone, a smartwatch, and/or the like that is executing
a client application. In one implementation, the portfolio
construction request may include data such as a request
identifier, optimization parameters (e.g., investable universe,
time period, total investment amount, conditional value at
risk (CVaR) percentile, CVaR threshold, whether to optimize
relative to a benchmark portfolio, benchmark portfolio
weights, integer quantity constraint, number of positions
threshold (e.g., lower bound), position market value weight
threshold (e.g., upper bound), etc.), and/or the like. In one
embodiment, the user client may provide the following
example portfolio construction request, substantially in the
form of a HTTP(S) POST message including XML -format-
ted data, as provided below:

[0274] The MLPO server 806 may send an expected
returns retrieve request 825 to a repository 810 to facilitate
retrieving expected returns for securities in the portfolio
universe for simulated scenarios (e.g., filtered) correspond-
ing to the specified time period. In one implementation, the
expected returns retrieve request may include data such as a
request identifier, expected returns to retrieve specification,
and/or the like. In one embodiment, the MLPO server may
provide the following example expected returns retrieve
request, substantially in the form of a HTTP(S) POST
message including XML -formatted data, as provided below:

POST /expected_returns_retrieve_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<expected_returns_retrieve_request>
<request_identifier>ID_request_12</request_identifier>
<expected_returns_specification™>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<securities>MSFT, AAPL, ...</securities>
</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<securities>MSFT, AAPL, ...</securities>
</scenario>

</expected_returns_specification>
</expected_returns_retrieve_request™>

[0275] The repository 810 may send an expected returns
retrieve response 829 to the MLPO server 806 with the
requested expected returns data. In one implementation, the
expected returns retrieve response may include data such as
a response identifier, the requested expected returns data,
and/or the like. In one embodiment, the repository may

POST /portfolio_construction_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<portfolio_construction_request>
<request_identifier>ID_request_11</request_identifier>
<optimization_parameters>

<investable_universe>Securities in S&P 500</investable_universe>

<time_period>6 months</time_period>
<total_amount>$1,000,000</total_amount>
<CVAR_percentile>5%</CVAR_percentile>
<CVAR_threshold>10%</CVAR_threshold>

<is_relative_to_benchmark_portfolio>FALSE</is_relative_to_benchmark_portfolio>

<integer_quantity_constraint>TRUE</integer_quantity_constraint>

<number_of_positions_threshold>at least 30</number_of positions_threshold>
<position_weight_threshold>10%</position_weight threshold>

</optimization_parameters>
</portfolio_construction_request>
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provide the following example expected returns retrieve
response, substantially in the form of a HTTP(S) POST
message including XML-formatted data, as provided below:

POST /expected_returns_retrieve_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<expected_returns_retrieve_response>
<response_identifier>ID_response_12</response_identifier>
<expected_returns>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<security>
<security_identifier>MSFT</security_identifier>
<expected_return>10%</expected_return>
</security>
<security>
<security_identifier>AAPL</security_identifier>
<expected_return>12%</expected_return>
</security>

</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<security>
<security_identifier>MSFT</security_identifier>
<expected_return>15%</expected_return>
</security>
<security>
<security_identifier>AAPL</security_identifier>
<expected_return>13%</expected_return>
</security>

</scenario>

</expected_returns>
</expected_returns_retrieve_response™>

[0276] A portfolio constructing (PC) component 833 may
utilize data provided in the portfolio construction request
and/or the expected returns retrieve response and/or via
filters to determine and/or execute a set of tradeable buy
and/or sell transactions to construct an optimized portfolio.
See FIG. 9 for additional details regarding the PC compo-
nent.

[0277] The MLPO server 806 may send an order execu-
tion request 837 to an exchange server 808 to facilitate
executing a tradeable buy and/or sell transaction used to
construct the optimized portfolio. In one implementation,
the order execution request may include data such as a
request identifier, order details, and/or the like. In one
embodiment, the MLLPO server may provide the following
example order execution request, substantially in the form of
a HTTP(S) POST message including XML-formatted data,
as provided below:

POST /order_execution_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-87?>
<order_execution_request>
<request_identifier>ID_request_13</request_identifier>
<order_details>
<security_identifier>AAPL</security_identifier>
<action>BUY</action>
<quantity>1000 shares</quantity>
<forder_details>
</order_execution_request>
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[0278] The exchange server 808 may send an order execu-
tion response 841 to the MLPO server 806 to confirm that
the tradeable buy and/or sell transaction was executed
successfully. In one implementation, the order execution
response may include data such as a response identifier, a
status, and/or the like. In one embodiment, the exchange
server may provide the following example order execution
response, substantially in the form of a HTTP(S) POST
message including XML -formatted data, as provided below:

POST /order_execution_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"7>

<order_execution_response>
<response_identifier>ID_response_13</response_identifier>
<status>OK-</status>

</order_execution_response>

[0279] The MLPO server 806 may send a portfolio con-
struction response 845 to the user client 804 to inform the
user that an optimized portfolio was constructed success-
fully. In one implementation, the portfolio construction
response may include data such as a response identifier, a
status, and/or the like. In one embodiment, the MLPO server
may provide the following example portfolio construction
response, substantially in the form of a HTTP(S) POST
message including XML -formatted data, as provided below:

POST /portfolio_construction_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"7>

<portfolio_construction_response>
<response_identifier>ID_response_11</response_identifier>
<status>OK-</status>

</portfolio_construction_response>

[0280] FIG. 9 shows alogic flow illustrating embodiments
of a portfolio constructing (PC) component for the MLPO.
In FIG. 9, a portfolio construction request may be obtained
at 901. For example, the portfolio construction request may
be obtained as a result of a user requesting creation of an
optimized portfolio.

[0281] Optimization parameters for constructing the opti-
mized portfolio may be determined at 905. For example, the
optimization parameters may include a universe of invest-
ment securities, investment amount, Conditional Value at
Risk (CVaR) percentile, CVaR threshold, an investment time
period, whether to optimize relative to a benchmark portfo-
lio, benchmark portfolio weights, integer quantity con-
straint, and/or the like. In one implementation, the portfolio
construction request may be parsed (e.g., using PHP com-
mands) to determine the optimization parameters (e.g.,
based on the value of the optimization_parameters field).
For example, the optimization parameters may be specified
as follows:

[0282] Arguments
[0283] 1. market_value=1€7
[0284] Total amount of cash (e.g., in US dollars)
provided for investment. Default 1e7. Note that (the

holding portfolio market value)+(cash residue)=to-
tal_dollar_amount.

[0285] 2. cvar_percentile=5

[0286] The percentage of worst outcome. Default 5.
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[0287] 3. cvar_threshold=-450
[0288] The expected loss at the cvar_percentile worst
outcome. Default —450.
[0289] 4. investable_universe
[0290] A list of the assets that could be allocated.
[0291] 5. asset_sim
[0292] A 2d list, each row is a simulated scenario,
and each column is an asset. The order of the
columns should be the same as the order in the
investable_universe.
[0293] 6. asset_return
[0294] A list of expected yields of the assets, with the
same order of the investable_universe.
[0295] 7. asset_price
[0296] Alist of price (e.g., in US dollar) of the assets
with the same order of the investable_universe.
[0297] 8. asset min denom
[0298] A list of the minimum par-amount to purchase
for each asset, following the same order in the
investable_universe. Rescaled to quantity by divid-
ing 100 inside the optimization solver.
[0299] 9. asset_min_incrmnt
[0300] Alist of the par-amount increment to purchase
for each asset, following the same order in the
investable_universe. Rescaled to quantity by divid-
ing 100 inside the optimization solver.
[0301] Additional Optional Arguments
[0302] 10. pct_univ_allocated=0.8 when number of
assets <=10 else 0.6
[0303] The fraction of the allocated assets in all the
assets. Default 0.8 when number of assets <=10, else
0.6.
[0304] 11. allocation_ub=0.8*market_value/asset_price
[0305] A 1d list of the upper bound of allocated
quantity of each asset with the same order of the
investable_universe. Default 0.8*market value/as-
set_price.
[0306] 12. allocation_lb=1e-3*market_value/asset_
price
[0307] A 1d list of the lower bound of allocated
quantity of the allocated assets with the same order
of the investable_universe. Default le-3*market
value/asset_price.
[0308] 13. available_2_trade=market_value/asset_price
[0309] A 1dlist of the maximum available quantity of
the assets with the same order of the investable
universe. Default market_value/asset_price.
[0310] 14. is_allocate_neg_rtn=True
[0311] Boolean. If True, assign zero weights to assets
with negative expected return (in arg #6). Default
True.
[0312] 15. max_exe_time=120
[0313] The maximum execution time in seconds. If
no allocation solution found within the max_exe_
time (e.g., default 2 mins), the optimization solver
returns O for the assets.
[0314] 16. is_relative=False
[0315] Boolean. If True and tracking_error (arg #17)
is not None and asset_quant_base (arg #18) is not
None, relative algorithm may be triggered. Default
False.
[0316] 17. bmk_weight=None
[0317] A 1d list of the allocation weights of the
benchmark portfolio. Default is None. Note that
when arg #16 is True, and arg #17 is not None, and
arg #18 is not None, the relative algorithm may be
triggered.
[0318] 18. bmk sim=None
[0319] A 2d list of the simulation scenarios of the
assets in the benchmark portfolio. Each row is a
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scenario, and each column is an asset. Rows follows
the order of that in asset_sim(arg #5), and columns
follow the order of that in bmk_weight(arg #17).
Default None. Note that when arg #16 is True, and
arg #17 is not None, and arg #18 is not None, the
relative algorithm may be triggered.
[0320] 19. convergence_threshold=1e-3
[0321] The minimum delta of the objective function
in the branch-and-cut searching algorithm.
[0322] Market scenarios to utilize for constructing the
optimized portfolio may be determined at 907. In one
embodiment, the market scenarios to utilize may be deter-
mined based on the simulation model (e.g., for a specified
pricing date) and/or time period length selected by the user.
For example, the user may choose to utilize simulated
market scenarios generated using a deep learning neural
network simulation model (e.g., for the specified pricing
date) for a 3 month, 6 month or 1 year investment time
period (e.g., as discussed with regard to FIGS. 2A-B), or to
utilize simulated market scenarios generated using a multi-
variate mixture simulation model (e.g., for the specified
pricing date) for a 3 month, 6 month or 1 year investment
time period (e.g., as discussed with regard to FIG. 4). In
another embodiment, the market scenarios to utilize may be
determined based on filters applied to simulated market
scenarios. For example, the user may choose to filter simu-
lated market scenarios based on specified ranges of allow-
able values for specified customized market factors (e.g., as
discussed with regard to FIG. 21), and/or based on specified
business cycle settings (e.g., as discussed with regard to
FIG. 27).
[0323] Expected returns of securities in the universe of
investment securities for the determined market scenarios to
utilize may be retrieved from a database at 909. For
example, if the user wishes to construct an optimized
portfolio for a 6 month investment time period using a deep
learning neural network simulation model, expected returns
of securities in the universe of investment securities for
simulated market scenarios generated by the deep learning
neural network simulation model for 6 month rolling win-
dow periods (e.g., for the 60,000 simulated scenarios) may
be retrieved. In another example, if the user wishes to
construct an optimized portfolio conditional on VIX rising
more than 400 bps over a 3 month horizon, expected returns
of securities in the universe of investment securities for
filtered simulated market scenarios having VIX change
greater than 400 bps over the 3 month horizon may be
retrieved. In another example, if the user wishes to construct
an optimized portfolio conditional on having Late business
cycle over a 3 month horizon, expected returns of securities
in the universe of investment securities for filtered simulated
market scenarios associated with Late business cycle over
the 3 month horizon may be retrieved (e.g., alternatively,
weighted expected security returns may be utilized when
multiple business cycles with associated business cycle
weights are utilized). In one implementation, the expected
returns may be retrieved via an expected returns retrieve
request.
[0324] A determination may be made at 913 whether the
optimized portfolio should be optimized relative to a bench-
mark portfolio. If so, starting securities weights may be
initialized to benchmark portfolio weights at 917.
[0325] Portfolio securities weights may be optimized in
accordance with the optimization parameters at 921. In one
implementation, the PC component may perform a convex
optimization to find a mixed integer linear programming
(MILP) portfolio solution that ensures that tradable buy and
sell transactions can be generated. The optimization objec-
tive may be set to maximize the expected portfolio return. In
various embodiments, a variety of approaches may be used
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to perform the optimization. For example, one approach is to
use stochastic optimization process to search for suboptimal
weights of the asset for a fixed amount of time and/or
iterations and select the solution with allowable CVaR and
maximum returns. For example, a second approach is to use
MILP to solve for the global optimum solution and use
linear relaxation of CVaR constraint with the weights result
in tradability for each security respecting the trading rules
such as minimum denomination and minimum increments.
For example, a third approach is to use linear relaxation of
CVaR constraint, but use a binary branch and cut modified
MILP implementation (BILP), where non-integer solutions
are allowed for those bigger than the minimum denomina-
tion values. For example, a fourth approach is to use linear
relaxation of CVaR constrain and conduct a direct linear
programing optimization, allowing the allocated weights to
be a non-integer (decimal) solution and rounding the trade
quantity to the nearable tradable amount. In one embodi-
ment, the optimization implementation may be solver inde-
pendent. In various implementations, multiple linear pro-
gramming, quadratic programming and mixed integer
programming solvers may be supported, including both
commercial solvers and open-source solvers (e.g., CVXOPT
(SIMPLEX), GUROBI, scypy.optimize(interior point)). For
example, the user may select which solvers to use from a
portfolio construction graphical user interface.

[0326] Tradeable buy and/or sell transactions to execute
may be determined at 925. In one embodiment, the tradeable
buy and/or sell transactions are generated to make weights
of securities in the optimized portfolio correspond to the
determined optimized portfolio securities weights. In one
implementation, the optimized portfolio may be a newly
created portfolio. For example, tradeable buy transactions
may be determined to obtain each security with a non-zero
weight in accordance with its optimized portfolio weight. In
another implementation, the optimized portfolio may be an
existing portfolio (e.g., the benchmark portfolio). For
example, tradeable buy and/or sell transactions may be
determined to increase and/or reduce weights of securities in
the existing portfolio to make the weight of each security
correspond to its optimized portfolio weight.

[0327] The tradeable buy and/or sell transactions may be
executed at 929. In one implementation, orders correspond-
ing the tradeable buy and/or sell transactions may be sent to
an exchange server via one or more order execution
requests.

[0328] FIG. 10 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 10, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized portfolio is illustrated. Screen 1001 shows
that a user may utilize a securities universe widget 1005 to
specify a universe of investment securities. For example, the
user may specify a set of equities, bonds, indexes, portfolio
holdings, and/or the like. The user may utilize a benchmark
widget 1007 to specify a benchmark portfolio relative to
which the optimized portfolio should be optimized. The user
may utilize a simulation model widget 1010 to specify a
simulation model that should be utilized. The user may
utilize a pricing date widget 1015 to specify a pricing date
associated with the simulation model. The user may utilize
a portfolio market value widget 1020 to specify an invest-
ment amount.

[0329] FIG. 11 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 11, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized portfolio is illustrated. Screen 1101 shows
that the user may utilize a CVaR percentile widget 1105 to
specify the percentile (e.g., 5%) of the worst return out-
comes. The user may utilize a CVaR threshold widget 1110
to specify the expected loss (e.g., 7%) at the worst CVaR
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percentile outcomes (e.g., the expected loss based on a
weighted average (e.g., weighted based on occurrence prob-
ability) of the worst 5% of return outcomes). The user may
utilize an investment time period widget 1115 to specify the
investment time frame (e.g., over a 3 month time period).
The user may utilize optimization objective widgets 1120,
1125 to specify the optimization objective (e.g., maximize
total return). Other portfolio construction constraints that
may be specified by the user may include: maximum per-
centage market value (PMV) per allocated asset, minimum
number of allocated assets per portfolio, and/or the like. The
user may utilize an optimize widget 1130 to initiate the
creation of the optimized portfolio.

[0330] FIG. 12 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 12, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized portfolio is illustrated. Screen 1201 shows
exemplary values that the user may select using the CVaR
percentile widget 1205, the CVaR threshold widget 1210,
and the investment time period widget 1215. The user may
utilize an expected return widget 1220 to view the expected
return (e.g., —-6.61%) of the optimized portfolio, the
expected return (e.g., 0.81%) of the original portfolio before
changes to the portfolio securities weights, and the differ-
ence in the expected return (e.g., —=7.43%) between the two
portfolios. The user may utilize a drawdown widget 1225 to
view the expected loss (e.g., =7.00%) at the worst CVaR
percentile outcomes for the optimized portfolio, the
expected loss (e.g., —8.35%) at the worst CVaR percentile
outcomes for the original portfolio before changes to the
portfolio securities weights, and the difference in the
expected loss at the worst CVaR percentile outcomes (e.g.,
1.35) between the two portfolios. The user may utilize a
return volatility widget 1230 to view the return volatility
(e.g., 3.62%) of the optimized portfolio, the return volatility
(e.g., 3.80%) of the original portfolio before changes to the
portfolio securities weights, and the difference in the return
volatility (e.g., —0.19%) between the two portfolios. The
user may utilize a returns distribution widget 1235 to view
how the returns distribution of the optimized portfolio
compares to the returns distribution of the original portfolio
before changes to the portfolio securities weights. The user
may utilize a portfolio securities weights widget 1240 to
view and/or modify portfolio securities weights of indi-
vidual portfolio securities of the optimized portfolio. The
user may utilize a portfolio securities returns widget 1245 to
view expected returns of individual portfolio securities of
the optimized portfolio. The user may utilize an execute
widget 1255 to initiate the execution of tradeable buy and/or
sell transactions utilized to create the optimized portfolio.
[0331] FIG. 13 shows a datagraph illustrating data flow(s)
for the MLPO. In FIG. 13, dashed lines indicate data flow
elements that may be more likely to be optional. In FIG. 13,
a user client 1304 (e.g., of a user) may send a predefined
scenario construction request 1321 to a MLPO server 1306
to facilitate constructing a predefined scenario (e.g., a set of
customized market factors used to generate a set of filtered
simulated market scenarios). For example, the user client
may be a desktop, a laptop, a tablet, a smartphone, a
smartwatch, and/or the like that is executing a client appli-
cation. In some alternative embodiments, the predefined
scenario construction request may instead be sent by an
administrative client 1302 (e.g., of an administrative user).
In one implementation, the predefined scenario construction
request may include data such as a request identifier, a user
identifier, a predefined scenario identifier, a simulation
model, a pricing date, and/or the like. In one embodiment,
the user client may provide the following example pre-
defined scenario construction request, substantially in the
form of a HTTP(S) POST message including XML -format-
ted data, as provided below:
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POST /predefined_scenario_construction_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<predefined_scenario_construction_request>
<request_identifier>ID_request_21</request_identifier>
<user_identifier>ID_user_1</user_identifier>
<predefined_scenario_identifier>

ID_predefined_scenario_1

</predefined_scenario_identifier>

<simulation_model>ID_neural_network_simulation_model_1Y</simulation_model>

<pricing date>2020-04-17</pricing_date>
</predefined_scenario_construction_request>

[0332] The MLPO server 1306 may send a scenario results
retrieve request 1325 to a repository 1310 to facilitate
retrieving simulated market scenarios associated with the
specified simulation. In one implementation, the scenario
results retrieve request may include data such as a request
identifier, a simulation identifier (e.g., determined based on
the specified pricing date and/or simulation model), a set of
simulated market scenarios (e.g., filtered), and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example scenario results retrieve request, substan-
tially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /scenario_results_retrieve_request.php HTTP/1.1
Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

-continued

<?XML version = “1.0” encoding = “UTF-87?>

<scenario_results_retrieve_request>
<request_identifier>ID_request_22</request_identifier>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifiers>ALL</scenario_identifiers>

</scenario_results_retrieve_request>

[0333] The repository 1310 may send a scenario results
retrieve response 1329 to the MLPO server 1306 with the
requested simulated market scenarios data. In one imple-
mentation, the scenario results retrieve response may
include data such as a response identifier, the requested
simulated market scenarios data, and/or the like. In one
embodiment, the repository may provide the following
example scenario results retrieve response, substantially in
the form of a HTTP(S) POST message including XML-
formatted data, as provided below:

POST /scenario_results_retrieve_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"7>
<scenario_results_retrieve_response>
<response_identifier>ID_response_22</response_identifier>

<scenarios_data>

<scenario_data>

<scenario_identifier>ID_scenario_1</scenario_identifier>

<market_factor>
<market_factor identifier>ID_interest _rate 5Y</market factor identifier>
<market_factor_change>25 basis points</market_factor_change>

</market_factor>

<market_factor>
<market_factor_identifier>ID_oil_price</market_factor_identifier>
<market_factor_change>$10</market_factor change>

</market_factor>

</scenario_data>
<scenario_data>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<market_factor>
<market_factor identifier>ID_interest _rate 5Y</market factor identifier>
<market_factor_change>50 basis points</market_factor_change>
</market_factor>
<market_factor>
<market_factor_identifier>ID_oil_price</market_factor_identifier>
<market_factor_change>$15</market_factor change>
</market_factor>

</scenario_data>

</scenarios_data>

</scenario_results_retrieve_response>
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[0334] A predefined scenario constructing (PSC) compo-
nent 1333 may utilize data provided in the predefined
scenario construction request, data provided in the scenario
results retrieve response, and/or data provided via scenario
customization input to construct the predefined scenario. See
FIGS. 14A-B for additional details regarding the PSC com-
ponent.

[0335] The user client 1304 may send a scenario customi-
zation input 1337 to the MLPO server 1306 to specify a
range of values for a customized market factor. In some
alternative embodiments, the scenario customization input
may instead be sent by the administrative client 1302. In one
implementation, the scenario customization input may
include data such as a request identifier, a market factor
identifier, a minimum range value, a maximum range value,
and/or the like. In one embodiment, the user client may
provide the following example scenario customization input,
substantially in the form of a HTTP(S) POST message
including XML -formatted data, as provided below:

POST /scenario_customization_input.php HTTP/1.1
Host: www.server.com
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Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<scenario_customization_input>
<request_identifier>ID_request_23</request_identifier>
<market_factor_identifier>ID_oil_price</market_factor_identifier>
<minimum_range_value>-49.00</minimum_range_value>
<maximum_range value>19992.00</maximum_range_value>

</scenario_customization_input>

[0336] The MLPO server 1306 may send a scenario cus-
tomization output 1341 to the user client 1304 to inform the
user how ranges of values for other market factors have been
affected by the change to the customized market factor. In
some alternative embodiments, the scenario customization
output may instead be sent to the administrative client 1302.
In one implementation, the scenario customization output
may include data such as a response identifier, ranges of
values for market factors, and/or the like. In one embodi-
ment, the MLPO server may provide the following example
scenario customization output, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:

POST /scenario_customization_output.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<scenario_customization_output>
<response_identifier>ID_response_23</response_identifier>
<market_factors>

<market_factor>

<market_factor identifier>ID_interest _rate_5Y</market factor identifier>
<minimum_range_value>-115.00</minimum_range value>
<maximum_range_value>314.00</maximum_range_value>
<average range value>75.03</average range_value>

</market_factor>
<market_factor>

<market_factor_identifier>ID_oil_price</market_factor_identifier>
<minimum_range_value>-49.00</minimum_range value>
<maximum_range_value>19992.00</maximum_range_value>
<average range value>2698.92</average range value>

</market_factor>

</market_factors>
</scenario_customization_output™>

[0337] The MLPO server 1306 may send a predefined
scenario store request 1345 to the repository 1310 to facili-
tate storing the constructed predefined scenario. In one
implementation, the predefined scenario may be stored as a
set of customized market factors and specified ranges of
values for customized market factors in the set, and the
predefined scenario store request may include data such as
a request identifier, a user identifier, a predefined scenario
identifier, a simulation model, a pricing date, ranges of
values for market factors, and/or the like. In one embodi-
ment, the MLPO server may provide the following example
predefined scenario store request, substantially in the form
of a HTTP(S) POST message including XML-formatted
data, as provided below:

POST /predefined_scenario_store_request.php HTTP/1.1
Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>
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-continued

<predefined_scenario_store_request>
<request_identifier>ID_request_24</request_identifier>
<user_identifier>ID_user_1</user_identifier>
<predefined_scenario_identifier>
ID_predefined_scenario_1
</predefined_scenario_identifier>
<simulation_model>ID_neural_network_simulation_model_1Y</simulation_model>
<pricing date>2020-04-17</pricing_date>
<customized_market_factors>
<customized_market_factor>
<market_factor_identifier>ID_oil_price</market_factor_identifier>
<minimum_range_value>-49.00</minimum_range_value>
<maximum_range value>19992.00</maximum_range_value>
<average_range value>2698.92</average_range value>
</customized_market factor>
<customized_market_factor>
<market_factor_identifier>ID_interest_rate 6M</market factor identifier>
<minimum_range_value>40.00</minimum_range_value>
<maximum_range value>333.00</maximum_range_value>

<average_range value>132.76</average_range value>
</customized_market factor>
</customized_market factors>
</predefined_scenario_store_request>

[0338] In another implementation, the predefined scenario
may be stored as a set of simulated market scenarios that
satisfy specified ranges of values for customized market
factors, and the predefined scenario store request may
include data such as a request identifier, a user identifier, a
predefined scenario identifier, a simulation identifier, a set of
simulated market scenarios (e.g., filtered), and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example predefined scenario store request, substan-
tially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /predefined_scenario_store_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0" encoding = “UTF-87?>

<predefined_scenario_store_request>
<request_identifier>ID_request_24</request_identifier>
<user_identifier>ID_user_1</user_identifier>
<predefined_scenario_identifier>

ID_predefined_scenario_1

</predefined_scenario_identifier>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifiers>ID_scenario_1, ID_scenario_2,
...</scenario_identifiers>

</predefined_scenario_store_request>

[0339] The repository 1310 may send a predefined sce-
nario store response 1349 to the MLPO server 1306 to
confirm that the constructed predefined scenario was stored
successfully. In one implementation, the predefined scenario
store response may include data such as a response identifier,
a status, and/or the like. In one embodiment, the repository
may provide the following example predefined scenario
store response, substantially in the form of a HTTP(S) POST
message including XML-formatted data, as provided below:

POST /predefined_scenario_store_response.php HTTP/1.1
Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

-continued

<?XML version = “1.0" encoding = “UTF-8”?>

<predefined_scenario_store_response>
<response_identifier>ID_response_24</response_identifier>
<status>0K</status>

</predefined_scenario_store_response>

[0340] The MLPO server 1306 may send a predefined
scenario construction response 1353 to the user client 1304
to inform the user that the constructed predefined scenario
was stored successfully. In some alternative embodiments,
the predefined scenario construction response may instead
be sent to the administrative client 1302. In one implemen-
tation, the predefined scenario construction response may
include data such as a response identifier, a status, and/or the
like. In one embodiment, the MLPO server may provide the
following example predefined scenario construction
response, substantially in the form of a HTTP(S) POST
message including XML -formatted data, as provided below:

POST /predefined_scenario_construction_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0" encoding = “UTF-877>

<predefined_scenario_construction_response>
<response_identifier>ID_response_21</response_identifier>
<status>OK</status>

</predefined_scenario_construction_response>

[0341] FIGS. 14A-B show a logic flow illustrating
embodiments of a predefined scenario constructing (PSC)
component for the MLPO. In FIG. 14A, a predefined sce-
nario construction request may be obtained at 1401. For
example, the predefined scenario construction request may
be obtained as a result of a user requesting construction of
a predefined scenario.

[0342] Market scenarios to utilize for constructing the
predefined scenario may be determined at 1405. In one
embodiment, the market scenarios to utilize may be deter-
mined based on the simulation model (e.g., for a specified
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pricing date) and/or time period length selected by the user.
In another embodiment, the market scenarios to utilize may
be determined based on filters applied to simulated market
scenarios. In one implementation, the predefined scenario
construction request may be parsed (e.g., using PHP com-
mands) to determine the market scenarios to utilize (e.g.,
based on the values of the simulation_model and/or pricing_
date fields). For example, the selected simulation model
and/or pricing date may be used to determine a simulation
identifier (e.g., ID_sim_1) of the corresponding simulation
(e.g., a set of simulated market scenarios).

[0343] The market scenarios to utilize may be retrieved
from a database at 1409. In one implementation, the market
scenarios to utilize may be retrieved via a scenario results
retrieve request.

[0344] Market factors to process may be determined at
1413. For example, market factors may include interest
rates, credit spread, oil price, equity indices, and/or the like.
In one implementation, the market factors to process may be
determined based on market factors utilized in the simula-
tion. For example, the market factors to process may be
determined via a MySQL database command similar to the
following:

SELECT scenarioMarketFactorID
FROM ScenarioResults
WHERE simulationID = ID_sim_1;

In another implementation, a set of default market factors to
process may be specified in a configuration setting.

[0345] A determination may be made at 1417 whether
there remain market factors to process. In one implementa-
tion, each of the market factors may be processed. If there
remain market factors to process, the next market factor
(e.g., 6 month change in oil price) may be selected for
processing at 1421.

[0346] A factor group for the selected market factor may
be determined at 1425. In one embodiment, market factors
may be organized into factor groups to facilitate searching
for market factors by the user. For example, the change in oil
prices market factor may be associated with the Macro
factor group. In one implementation, the factor group asso-
ciated with each market factor may be specified in a con-
figuration setting. In some implementations, multiple factor
groups may be associated with a market factor.

[0347] A range of market factor values for the selected
market factor may be determined at 1429. For example, the
range may include a minimum market factor value, a maxi-
mum market factor value, an average market factor value,
and/or the like for the market scenarios to utilize. In one
implementation, the range of market factor values for each
market factor may be precalculated. For example, the range
of market factor values for the selected market factor may be
determined via a MySQL database command similar to the
following:

SELECT simulationMarketFactorRangeMin,
simulationMarketFactorRangeMax,
simulationMarketFactorRangeAverage

FROM ScenarioResults

‘WHERE simulationID = ID_sim_1 AND scenarioMarketFactorID =

ID_oil_price;
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In another implementation, the range of market factor values
for each market factor may be determined by iterating
through the market scenarios to utilize and calculating the
range based on the market factor values for the market
scenarios to utilize. For example, the range of market factor
values for the selected market factor may be determined via
a MySQL database command similar to the following:

SELECT MIN(scenarioSimulatedMarketFactorChange),
MAX(scenarioSimulatedMarketFactorChange),
AVG(scenarioSimulatedMarketFactorChange)

FROM ScenarioResults

‘WHERE simulationID = ID_sim_1 AND scenarioMarketFactorID =

ID_oil_price;

[0348] A set of customized market factors may be deter-
mined at 1433. For example, a market factor may be
customized by specifying a subrange of allowable values for
the market factor. In one embodiment, the user may utilize
a user interface widget to create a new predefined scenario
(e.g., with no customized market factors). In another
embodiment, the user may utilize a user interface widget to
select an existing predefined scenario with a set of custom-
ized market factors. In one implementation, the set of
customized market factors for a predefined scenario (e.g.,
with identifier ID_predefined_scenario_1) may be retrieved
from a database. For example, the set of customized market
factors for the predefined scenario may be determined via a
MySQL database command similar to the following:

SELECT customizedMarketFactorID
FROM PredefinedScenarios
WHERE predefinedScenariolD = ID_predefined_scenario_1;

[0349] The market scenarios to utilize may be filtered
based on the set of customized market factors at 1437. In one
embodiment, the market scenarios to utilize may be filtered
to the subset of market scenarios that satisfy the subrange of
allowable values for each customized market factor. See
FIG. 14B for additional details regarding filtering the market
scenarios to utilize based on customized market factors.

[0350] A determination may be made at 1441 whether
there remain market factors to process. In one implementa-
tion, each of the market factors may be processed to deter-
mine ranges for the filtered market scenarios. If there remain
market factors to process, the next market factor (e.g., 6
month change in oil price) may be selected for processing at
1445.

[0351] A determination may be made at 1449 whether
there remain filtered market scenarios to analyze. In one
implementation, each of the filtered market scenarios may
be analyzed. If there remain filtered market scenarios to
analyze, the next filtered market scenario (e.g., with identi-
fier ID_scenario_1) may be selected for analysis at 1453.

[0352] A market factor value of the selected market factor
for the selected filtered market scenario may be determined
at 1457. In one implementation, the market factor value may
be retrieved from a database. For example, the market factor
value of the selected market factor for the selected market
scenario may be determined via a MySQL database com-
mand similar to the following:
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SELECT scenarioSimulatedMarketFactorChange

FROM ScenarioResults

‘WHERE simulationID = ID_sim_1 AND scenariolD = ID_scenario_1
AND scenarioMarketFactorID = ID_oil_price;

[0353] The determined market factor values may be ana-
lyzed to determine a range of filtered market factor values
for the selected market factor at 1461. For example, the
range may include a minimum market factor value, a maxi-
mum market factor value, an average market factor value,
and/or the like for the filtered market scenarios.

[0354] A visualization of the market factors may be gen-
erated at 1465. In one embodiment, the visualization may
show the range of unfiltered market factor values and/or the
range of filtered market factor values for each of the market
factors. In one implementation, a user interface widget may
be generated for each of the market factors showing the
range of unfiltered market factor values and/or the range of
filtered market factor values for the respective market factor.
See FIGS. 15-19 for examples of visualizations that may be
generated.

[0355] A determination may be made at 1469 whether a
scenario customization input was obtained from the user. In
one embodiment, the scenario customization input may be a
user interface input from the user with a user-specified range
of allowable values for an updated market factor. If a
scenario customization input was obtained, the specified
range of allowable values for the updated market factor may
be determined at 1473. For example, the user may specify an
updated subrange of allowable values for a customized
market factor (e.g., an existing customized market factor, a
newly customized market factor). In another example, the
user may specify that a previously customized market factor
should no longer be customized (e.g., by updating the
subrange of allowable values to the full range for the
previously customized market factor). In one implementa-
tion, the scenario customization input may be parsed (e.g.,
using PHP commands) to determine the specified range of
allowable values for the updated market factor (e.g., based
on the values of the market_factor_identifier, minimum_
range_value, and/or maximum_range_value fields). The set
of customized market factors may be updated at 1477. In one
embodiment, a newly customized market factor may be
added to the set of customized market factors. In another
embodiment, a previously customized market factor may be
removed from the set of customized market factors. In one
implementation, a list (e.g., an array of market factor iden-
tifiers, a map of market factor identifier values to customized
status Boolean values) of customized market factors may be
updated. The market scenarios to utilize may be filtered
based on the updated set of customized market factors and
an updated visualization of the market factors may be
generated as discussed with regard to 1437-1465.

[0356] A determination may be made at 1481 whether a
scenario save input was obtained from the user. In one
embodiment, the scenario save input may be a user interface
input from the user indicating that the predefined scenario
should be saved. If a scenario save input was obtained, the
predefined scenario may be stored at 1485. In one imple-
mentation, the predefined scenario may be stored via a
predefined scenario store request.

[0357] FIG. 14B shows additional details regarding filter-
ing the market scenarios to utilize based on customized
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market factors. In FIG. 14B, filtered market scenarios (e.g.,
an array of filtered market scenario identifiers, a map of
market scenario identifier values to filtered status Boolean
values) may be set to the market scenarios to utilize at 1402
(e.g., to clear any previously set filters).

[0358] A determination may be made at 1406 whether
there remain customized market factors to process. In one
implementation, each of the market factors in the set of
customized market factors may be processed. If there remain
customized market factors to process, the next customized
market factor may be selected for processing at 1410.
[0359] The specified range of allowable values for the
selected customized market factor may be determined at
1414. For example, the specified range of allowable values
may include a minimum value and a maximum value. In one
implementation, the specified range of allowable values for
the selected customized market factor may be determined as
discussed with regard to 1473 (e.g., for a new user-specified
range). In another implementation, the specified range of
allowable values for the selected customized market factor
may be retrieved from a database (e.g., for an existing
predefined scenario). For example, the specified range of
allowable values for the selected customized market factor
may be determined via a MySQL database command similar
to the following:

SELECT customizedMarketFactorRangeMin,
customizedMarketFactorRangeMax

FROM PredefinedScenarios

WHERE predefinedScenariolD = ID_predefined_scenario_1;

[0360] A determination may be made at 1418 whether
there remain filtered market scenarios to analyze. In one
implementation, each of the market scenarios that have not
been removed from the filtered market scenarios (e.g.,
during processing of previously processed customized mar-
ket factors) may be analyzed. If there remain filtered market
scenarios to analyze, the next filtered market scenario may
be selected for analysis at 1422.

[0361] A market factor value of the selected customized
market factor for the selected filtered market scenario may
be determined at 1426. In one implementation, the market
factor value may be retrieved from a database. For example,
the market factor value of the selected customized market
factor for the selected filtered market scenario may be
determined via a MySQL database command similar to the
following:

SELECT scenarioSimulatedMarketFactorChange

FROM ScenarioResults

‘WHERE simulationID = ID_sim_1 AND scenariolD = ID_scenario_1
AND scenarioMarketFactorID = ID_oil_price;

[0362] A determination may be made at 1430 whether the
determined market factor value is in the specified range of
allowable values for the selected customized market factor.
If the determined market factor value is outside the specified
range of allowable values for the selected customized mar-
ket factor, the selected filtered market scenario may be
removed from the filtered market scenarios at 1434.

[0363] Once the customized market factors have been
processed, the remaining filtered market scenarios may be
returned at 1438. In one embodiment, the returned filtered
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market scenarios are market scenarios having market factor
values that fall within the subrange of allowable values for
each of the market factors in the set of customized market
factors.

[0364] FIG. 15 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 15, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing a predefined scenario is illustrated. Screen 1501 shows
that a user may utilize a load predefined scenario widget
1505 to select an existing predefined scenario (e.g., from
predefined scenarios associated with the user’s user identi-
fier). The user may utilize an add new predefined scenario
widget 1510 to create a new predefined scenario.

[0365] The user may utilize a pricing date widget 1515
and/or a simulation model widget 1520 to specify market
scenarios to utilize. The user may search through market
factors associated with the market scenarios to utilize by
filtering displayed market factors using factor group filter
widgets (e.g., 1525A-D). For example, utilizing All factor
group widget 1525A may show unfiltered market factors
associated with the market scenarios to utilize. In another
example, utilizing Macro factor group widget 1525D may
filter market factors to show market factors associated with
the Macro factor group (e.g., change in oil price). The user
may search through market factors associated with the
market scenarios to utilize by filtering displayed market
factors by market factor name using search by factor name
widget 1527.

[0366] The user may view and/or modify ranges of allow-
able values for each market factor using market factor
widgets (e.g., 1530A-C). For example, screen 1501 shows
that ranges of allowable values for the market factors have
not been modified (e.g., there are no customized market
factors).

[0367] FIG. 16 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 16, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing a predefined scenario is illustrated. Screen 1601 shows
that the user may modify ranges of allowable values for
market factors of a predefined scenario (e.g., an existing
predefined scenario selected using the load predefined sce-
nario widget 1605, a new predefined scenario created using
the add new predefined scenario widget 1610) using allow-
able range widgets (e.g., 1635A-C). Screen 1601 shows that
when the user modifies the range of allowable values for a
market factor, an updated visualization showing how ranges
of allowable values for the market factors have been affected
may be generated. For example, if the user modifies (e.g.,
using widget 1635B) the range of allowable values for the 6
month interest rate market factor (e.g., shown in widget
1630B (e.g., rearranged in order and/or highlighted to indi-
cate a customized market factor)), an updated visualization
showing how the range of allowable values (e.g., shown in
widget 1635A) for the 3 month interest rate market factor
(e.g., shown in widget 1630A) and how the range of
allowable values (e.g., shown in widget 1635C) for the 1
year interest rate market factor (e.g., shown in widget
1630C) have changed based on the user-specified scenario
customization input may be generated.

[0368] FIG. 17 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 17, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing a predefined scenario is illustrated. Screen 1701 shows
that the user may utilize the Macro factor group widget
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1725D to view how the ranges of allowable values (e.g.,
shown in widgets 1735D-F) for market factors associated
with the Macro factor group (e.g., shown in widget 1730D-
F) have changed based on the user-specified scenario cus-
tomization input.

[0369] FIG. 18 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 18, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing a predefined scenario is illustrated. Screen 1801 shows
that when the user modifies the range of allowable values for
another market factor (e.g., associated with the Macro factor
group), an updated visualization showing how ranges of
allowable values for the market factors have been affected
(e.g., based on both modifications) may be generated. For
example, if the user modifies (e.g., using widget 1835D) the
range of allowable values for the oil price market factor
(e.g., shown in widget 1830D (e.g., rearranged in order
and/or highlighted to indicate a customized market factor)),
an updated visualization showing how the range of allow-
able values (e.g., shown in widget 1835E) for the VIX
market factor (e.g., shown in widget 1830E) and how the
range of allowable values (e.g., shown in widget 1835F) for
the Commodities market factor (e.g., shown in widget
1830F) have changed based on the two user-specified sce-
nario customization inputs may be generated.

[0370] FIG. 19 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 19, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing a predefined scenario is illustrated. Screen 1901 shows
that the user may utilize the All factor group widget 1925A
to view how the ranges of allowable values for the market
factors have changed based on the user-specified scenario
customization inputs. For example, market factor widget
1930A shows how the range of allowable values (e.g.,
shown in widget 1935A) for the 3 month interest rate market
factor has changed based on the user-specified changes to
the range of allowable values (e.g., shown in widget 1935B)
for the 6 month interest rate market factor (e.g., shown in
widget 1930B) and to the range of allowable values (e.g.,
shown in widget 1935D) for the oil price market factor (e.g.,
shown in widget 1930D). The user may save the predefined
scenario using a save widget 1940.

[0371] FIG. 20 shows a datagraph illustrating data flow(s)
for the MLPO. In FIG. 20, dashed lines indicate data flow
elements that may be more likely to be optional. In FIG. 20,
a user client 2004 (e.g., of a user) may send a portfolio
returns visualization request 2021 to a MLPO server 2006 to
facilitate generating a portfolio returns visualization based
on customized market factors. For example, the user client
may be a desktop, a laptop, a tablet, a smartphone, a
smartwatch, and/or the like that is executing a client appli-
cation. In one implementation, the portfolio returns visual-
ization request may include data such as a request identifier,
a user identifier, a predefined scenario identifier, a simula-
tion model, a pricing date, a portfolio identifier, and/or the
like. In one embodiment, the user client may provide the
following example portfolio returns visualization request,
substantially in the form of a HTTP(S) POST message
including XML -formatted data, as provided below:

POST /portfolio_returns_visualization_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
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-continued -continued
Content-Length: 667 <expected_returns>
<?XML version = “1.0" encoding = “UTF-87?> <scenario>
<portfolio_returns_visualization_request™> <scenario_identifier>ID_scenario_1</scenario_identifier>
<request_identifier>ID_request_31</request_identifier> <security>

<user_identifier>ID_user_ 1</user_identifier>
<predefined_scenario_identifier>
ID_predefined_scenario_1

</predefined_scenario_identifier>

<simulation_model>ID_neural_network simulation_model 1Y

</simulation_model>

<pricing date>2020-04-17</pricing date>

<portfolio_identifier>ID_portfolio_1</portfolio_identifier>
</portfolio_returns_visualization_request™>

[0372] The MLPO server 2006 may send an expected
returns retrieve request 2023 to a repository 2010 to facili-
tate retrieving expected returns for securities in the portfolio
for simulated scenarios corresponding to the specified simu-
lation (e.g., with a simulation identifier determined based on
the specified pricing date and/or simulation model). In one
implementation, the expected returns retrieve request may
include data such as a request identifier, expected returns to
retrieve specification, and/or the like. In one embodiment,
the MLPO server may provide the following example
expected returns retrieve request, substantially in the form of
a HTTP(S) POST message including XML-formatted data,
as provided below:

POST /expected_returns_retrieve_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/XML
Content-Length: 667
<?XML version = “1.0" encoding = “UTF-87?>
<expected_returns_retrieve_request>
<request_identifier>ID_request_32</request_identifier>
<expected_returns_specification™>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<securities>MSFT, AAPL, ...</securities>
</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<securities>MSFT, AAPL, ...</securities>
</scenario>

</expected_returns_specification™>
</expected_returns_retrieve_request>

[0373] The repository 2010 may send an expected returns
retrieve response 2025 to the MLPO server 2006 with the
requested expected returns data. In one implementation, the
expected returns retrieve response may include data such as
a response identifier, the requested expected returns data,
and/or the like. In one embodiment, the repository may
provide the following example expected returns retrieve
response, substantially in the form of a HTTP(S) POST
message including XML-formatted data, as provided below:

POST /expected_returns_retrieve_response.php HTTP/1.1

Host: www.server.com

Content-Type: Application/XML

Content-Length: 667

<?XML version = “1.0" encoding = “UTF-87?>

<expected_returns_retrieve_response>
<response_identifier>ID_response_32</response_identifier>

<security_identifier>MSFT</security_identifier>
<expected_return>10%</expected_return>
</security>
<security>
<security_identifier>AAPL</security_identifier>
<expected_return>12%</expected_return>
</security>

</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<security>
<security_identifier>MSFT</security_identifier>
<expected_return>15%</expected_return>
</security>
<security>
<security_identifier>AAPL</security_identifier>
<expected_return>13%</expected_return>
</security>

</scenario>

</expected_returns>
</expected_returns_retrieve_response™>

[0374] The MLPO server 2006 may send a predefined
scenario retrieve request 2027 to the repository 2010 to
facilitate retrieving the specified predefined scenario. In one
implementation, the predefined scenario retrieve request
may include data such as a request identifier, a user identi-
fier, a predefined scenario identifier, and/or the like. In one
embodiment, the MLLPO server may provide the following
example predefined scenario retrieve request, substantially
in the form of a HTTP(S) POST message including XMIL.-
formatted data, as provided below:

POST /predefined_scenario_retrieve_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8”>

<predefined_scenario_retrieve_request™>
<request_identifier>ID_request_33</request_identifier>
<user_identifier>ID_user_ 1</user_identifier>
<predefined_scenario_identifier>

ID_predefined_scenario_1

</predefined_scenario_identifier>

</predefined_scenario_retrieve_request>

[0375] The repository 2010 may send a predefined sce-
nario retrieve response 2029 to the MLPO server 2006 with
the requested predefined scenario data. In one implementa-
tion, the predefined scenario retrieve response may include
data such as a response identifier, the requested predefined
scenario data, and/or the like. In one embodiment, the
repository may provide the following example predefined
scenario retrieve response, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:

POST /predefined_scenario_retrieve_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
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Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<predefined_scenario_retrieve_response>
<response_identifier>ID_response_33</response_identifier>
<customized_market_factors>
<customized_market_factor>
<market_factor_identifier>ID_oil_price</market_factor_identifier>
<minimum_range_value>-49.00</minimum_range_value>
<maximum_range value>19992.00</maximum_range_value>
<average_range value>2698.92</average_range value>
</customized_market_factor>
<customized_market_factor>
<market_factor_identifier>ID_interest_rate 6M</market_factor
identifier>
<minimum_range_value>40.00</minimum_range value>
<maximum_range value>333.00</maximum_range_value>
<average_range value>132.76</average range_value>
</customized_market_factor>
</customized_market_factors>
</predefined_scenario_retrieve_response™>

[0376] A scenario based portfolio returns visualizing
(SPRV) component 2033 may utilize data provided in the
portfolio returns visualization request to generate a portfolio
return metrics visualization. See FIG. 21 for additional
details regarding the SPRV component.

[0377] The MLPO server 2006 may send a portfolio
returns visualization response 2037 to the user client 2004 to
provide a visualization of portfolio return metrics for the
specified portfolio under the specified predefined scenario.
In one implementation, the portfolio returns visualization
response may include data such as a response identifier,
visualization data, and/or the like. In one embodiment, the
MLPO server may provide the following example portfolio
returns visualization response, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:

POST /portfolio_returns_visualization_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<portfolio_returns_visualization_response>
<response_identifier>ID_response_31</response_identifier>
<visualization_data>
portfolio return metrics data (e.g., constituent securities” and/or
portfolio’s returns, worst returns, return volatility, frequency vs.
returns data)
</visualization_data>
</portfolio_returns_visualization_response>

[0378] If the user customizes a market factor, the user
client 2004 may send a visualization scenario customization
input 2041 to the MLPO server 2006 specifying a range of
values for the customized market factor (e.g., to modify the
predefined scenario). In one implementation, the visualiza-
tion scenario customization input may include data such as
a request identifier, a market factor identifier, a minimum
range value, a maximum range value, and/or the like. In one
embodiment, the user client may provide the following
example visualization scenario customization input, sub-
stantially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /visualization_scenario_customization_input.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<visualization_scenario_customization_input>
<request_identifier>ID_request_34</request_identifier>
<market_factor_identifier>ID_VIX</market factor identifier>
<minimum_range_value>913.00</minimum_range value>
<maximum_range value>5141.00</maximum_range_value>

</visualization_scenario_customization_input>

[0379] The MLPO server 2006 may send a visualization
scenario customization output 2045 to the user client 2004
to provide an updated visualization of portfolio return met-
rics for the specified portfolio (e.g., under the modified
predefined scenario). In one implementation, the visualiza-
tion scenario customization output may include data such as
a response identifier, visualization data, and/or the like. In
one embodiment, the MLPO server may provide the fol-
lowing example visualization scenario customization out-
put, substantially in the form of a HTTP(S) POST message
including XML -formatted data, as provided below:

POST /visualization_scenario_customization_output.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<visualization_scenario_customization_output>
<response_identifier>ID_response_34</response_identifier>
<visualization_data>
portfolio return metrics data (e.g., constituent securities’ and/or
portfolio’s returns, worst returns, return volatility, frequency vs.
returns data)
</visualization_data>
</visualization_scenario_customization_output>

[0380] FIG. 21 shows a logic flow illustrating embodi-
ments of a scenario based portfolio returns visualizing
(SPRV) component for the MLPO. In FIG. 21, a portfolio
returns visualization request may be obtained at 2101. For
example, the portfolio returns visualization request may be
obtained as a result of a user requesting generation of a
portfolio returns visualization.

[0381] Market scenarios to utilize for generating the port-
folio returns visualization may be determined at 2105. In one
embodiment, the market scenarios to utilize may be deter-
mined based on the simulation model (e.g., for a specified
pricing date) and/or time period length selected by the user.
In another embodiment, the market scenarios to utilize may
be determined based on filters applied to simulated market
scenarios. In one implementation, the portfolio returns visu-
alization request may be parsed (e.g., using PHP commands)
to determine the market scenarios to utilize (e.g., based on
the values of the simulation_model and/or pricing_date
fields). For example, the selected simulation model and/or
pricing date may be used to determine a simulation identifier
(e.g., ID_sim_1) of the corresponding simulation (e.g., a set
of simulated market scenarios).

[0382] Portfolio securities of a portfolio may be deter-
mined at 2109 and portfolio securities weights for the
portfolio securities may be determined at 2113. In one
embodiment, the portfolio securities and/or the correspond-
ing portfolio securities weights may be retrieved from a
database (e.g., based on a portfolio identifier). In one imple-
mentation, the portfolio returns visualization request may be
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parsed (e.g., using PHP commands) to determine the port-
folio identifier (e.g., based on the value of the portfolio_
identifier field). In another embodiment, the portfolio secu-
rities and/or the corresponding portfolio securities weights
may be specified by the user. In one implementation, the
portfolio returns visualization request may be parsed (e.g.,
using PHP commands) to determine the specified portfolio
securities and/or the corresponding portfolio securities
weights. In another embodiment, the portfolio securities
and/or the corresponding portfolio securities weights may be
determined based on an optimization. In one implementa-
tion, the portfolio securities and/or the corresponding port-
folio securities weights may be determined as discussed with
regard to the PC component.

[0383] Expected returns of the portfolio securities for the
market scenarios to utilize may be retrieved from a database
at 2117. For example, the expected returns may be cached to
facilitate expected return metrics calculations. In one imple-
mentation, the expected returns may be retrieved via an
expected returns retrieve request.

[0384] A determination may be made at 2121 whether
there remain portfolio securities to process. In one imple-
mentation, each of the constituent portfolio securities may
be processed. If there remain portfolio securities to process,
the next security (e.g., with identifier MSFT) may be
selected for processing at 2125.

[0385] A determination may be made at 2129 whether
there remain market scenarios to analyze. In one implemen-
tation, each of the market scenarios to utilize may be
analyzed. If there remain market scenarios to analyze, the
next market scenario (e.g., with identifier ID_scenario_1)
may be selected for analysis at 2133.

[0386] An expected return for the selected security for the
selected market scenario may be determined at 2137. In one
implementation, the expected return may be retrieved from
cache. In another implementation, the expected return may
be retrieved from a database. For example, the expected
return for the selected security for the selected market
scenario may be determined via a MySQL database com-
mand similar to the following:

SELECT linkedScenarioSecurityExpectedReturn
FROM ExpectedReturns
WHERE securitylD = “MSFT” AND linkedSimulationID = ID_sim_1
AND
linkedScenariolD = ID_scenario_1;

[0387] Expected security return metrics for the selected
security for the market scenarios to utilize may be calculated
at 2141. For example, the expected security return metrics
for a security may include the security’s expected return,
worst returns, return volatility, frequency vs. returns data,
and/or the like. In one implementation, the expected security
return metrics for each security may be determined by
iterating through the market scenarios to utilize and calcu-
lating the expected security return metrics based on the
expected returns (e.g., cached) for the market scenarios to
utilize. For example, the expected return for the selected
security for the market scenarios to utilize may be deter-
mined via a MySQL database command similar to the
following:
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SELECT AVG(linkedScenarioSecurityExpectedReturn)
FROM ExpectedReturns
WHERE securityID = “MSFT” AND linkedSimulationID = ID_sim_1;

[0388] Expected portfolio return metrics for the portfolio
for the market scenarios to utilize may be calculated at 2145.
For example, the expected portfolio return metrics for a
portfolio may include the portfolio’s expected return, worst
returns, return volatility, frequency vs. returns data, and/or
the like. In various implementations, the expected portfolio
return metrics for the portfolio may be calculated using a
weighted average (e.g., weighted based on the portfolio
securities weights) of the expected security returns and/or of
the calculated expected security return metrics for the con-
stituent securities of the portfolio. For example, the follow-
ing API may be utilized to determine the expected portfolio
return metrics for the portfolio for the market scenarios to
utilize:
[0389] POST API/RUNANALYSIS
[0390] This API facilitates generating portfolio return

metrics visualization for a specified portfolio (e.g., list

of securities). The portfolio return metrics calculation

results are included in the Summary object returned by

the APL

[0391] The API returns HT'TP/1.1 status code 201 if the

request is successful. It returns 500 Internal Server

Error if there is an exception.
[0392] Input Parameter Details

Attribute name Mandatory Default Description/Rule

securitylnputs Y Specify the initial

investment
cash N 0 Integer between 1 and 50
modelld Y 1 Integer, either 1 or 4

based on the model
simulationId Y 0 Taxable = 1, Tax-Exempt = 0
simulationInputs Y List of factor min and max

range for filtering of
scenarios

List of business cycle
inputs and associated
percentages. (e.g., Late
Cycle 50% and Recession
50%)

Current Pricing Date for
which simulation data is
available

businessCyclelnputs N

pricingDt Y

REQUEST

POST API/runAnalysis
Content-type: application/json

“securityInputs”: [{
“fmrCusip”: “EAFE”,
“description”:“EAFE™,

“qty*: 200000
b
“fmrCusip”: “DHI270000”,
“description”: “USTB 3.375% 11/15/48,
“qty”: 200000
¥
”,cash”: 0,
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"modelld": 1,

"simulationld"”: 1,

"pricingDt": "01/01/2020",

"simulationInputs”: [{
“factorName™: “VIX”,
“rangeStart”: -3544,
“rangeEnd”: 5513

b

“factorName™: "SP500",
“rangeStart”: —-4648,
“rangeEnd”: 2947}

"businessCyclelnputs”: [{
cycleName: "Late”,
percentage: 100

b
cycleName: "Recession”,
percentage: 0
1
¥
RESPONSE
201
Content-Type: application/json
"summary": {
“risk™: 234.42.
“avg5Percentile”: —202.09
b,
“marketReturns™: [ {
"marketId": 959,
"bucketId": 4,
"marketReturn": -434.16
b
"marketId": 2527,
"bucketId": 6,
"marketReturn": -252.16
b
]
¥
[0393] A visualization of the expected portfolio return

metrics for the portfolio and/or of the expected security
return metrics for the constituent securities of the portfolio
for the market scenarios to utilize may be generated at 2149.
In one implementation, user interface widgets showing the
expected portfolio return metrics and/or the expected secu-
rity return metrics may be generated via a portfolio returns
visualization response. See FIGS. 22-25 for examples of
visualizations that may be generated.

[0394] A determination may be made at 2153 whether a
predefined scenario selection input was obtained from the
user. In one embodiment, the predefined scenario selection
input may be a user interface input from the user with a
user-specified predefined scenario selection. For example,
the user may select a predefined scenario to determine how
expected portfolio return metrics for the portfolio and/or for
the constituent securities of the portfolio would change with
market factor customizations specified in the predefined
scenario.

[0395] If a predefined scenario selection input was
obtained, the set of customized market factors associated
with the selected predefined scenario may be determined at
2157. In one implementation, the market factor customiza-
tions specified in the predefined scenario may be obtained
via a predefined scenario retrieve response, and the pre-
defined scenario retrieve response may be parsed (e.g., using
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PHP commands) to determine the set of customized market
factors (e.g., based on the values of the market_factor_
identifier fields).

[0396] The market scenarios to utilize may be filtered
based on the set of customized market factors at 2161. In one
embodiment, the market scenarios to utilize may be filtered
to the subset of market scenarios that satisfy the subrange of
allowable values for each customized market factor. See
FIG. 14B for additional details regarding filtering the market
scenarios to utilize based on customized market factors. In
another embodiment, the market scenarios to utilize also
may be filtered based on specified business cycle settings
(e.g., as discussed with regard to FIG. 27).

[0397] Expected security return metrics for the portfolio
securities for the filtered market scenarios may be calculated
at 2165. In one implementation, the expected security return
metrics for each constituent security of the portfolio may be
determined by iterating through the filtered market scenarios
and calculating the expected security return metrics based on
the expected returns (e.g., cached) for the filtered market
scenarios. For example, the expected return for a constituent
security (e.g., MSFT) of the portfolio for the filtered market
scenarios may be determined via a MySQL database com-
mand similar to the following:

SELECT AVG(linkedScenarioSecurityExpectedReturn)

FROM ExpectedReturns

WHERE securityID = “MSFT” AND linkedSimulationID = ID_sim_1
AND linkedScenariolD IN (ID_scenario_1, ID_scenario_2, . .. );

[0398] Expected portfolio return metrics for the portfolio
for the filtered market scenarios may be calculated at 2169.
In various implementations, the expected portfolio return
metrics for the portfolio may be calculated using a weighted
average (e.g., weighted based on the portfolio securities
weights) of the expected security returns and/or of the
calculated expected security return metrics for the constitu-
ent securities of the portfolio (e.g., via the API).

[0399] A visualization of the expected portfolio return
metrics for the portfolio and/or of the expected security
return metrics for the constituent securities of the portfolio
for the filtered market scenarios may be generated at 2173.
In one implementation, user interface widgets showing the
expected portfolio return metrics and/or the expected secu-
rity return metrics may be generated (e.g., via a portfolio
returns visualization response, via a visualization scenario
customization output). See FIGS. 22-25 for examples of
visualizations that may be generated.

[0400] A determination may be made at 2177 whether a
market factor customization input was obtained from the
user (e.g., via a visualization scenario customization input).
In one embodiment, the market factor customization input
may be a user interface input from the user with a user-
specified range of allowable values for an updated market
factor. If a market factor customization input was obtained,
the specified range of allowable values for the updated
market factor may be determined at 2181. In one implemen-
tation, the visualization scenario customization input may be
parsed (e.g., using PHP commands) to determine the speci-
fied range of allowable values for the updated market factor
(e.g., based on the values of the market_factor_identifier,
minimum_range_value, and/or maximum_range_value
fields). The set of customized market factors may be updated
at 2185. In one implementation, a list (e.g., an array of
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market factor identifiers, a map of market factor identifier
values to customized status Boolean values) of customized
market factors may be updated. Market scenarios to utilize
may be filtered based on the updated set of customized
market factors and an updated visualization of the expected
portfolio return metrics for the portfolio and/or of the
expected security return metrics for the constituent securities
of the portfolio may be generated as discussed with regard
to 2161-2173.

[0401] FIG. 22 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 22, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
a portfolio returns visualization for a portfolio is illustrated.
Screen 2201 shows that a user may utilize a scenario tab
2205 to specify predefined scenario settings. The user may
utilize a load predefined scenario widget 2210 to select a
predefined scenario (e.g., from predefined scenarios associ-
ated with the user’s user identifier) used to filter market
scenarios to utilize for generating a portfolio returns visu-
alization.

[0402] FIG. 23 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 23, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
a portfolio returns visualization for a portfolio is illustrated.
Screen 2301 shows that the user may utilize market factor
widgets (e.g., 2305A-B) to view and/or modify ranges of
allowable values for each market factor associated with the
market scenarios to utilize (e.g., based on customizations
specified in the selected predefined scenario). For example,
market factor widget 2305A shows some exemplary market
factors that may be selected by the user for viewing and/or
modification.

[0403] FIG. 24 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 24, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
a portfolio returns visualization for a portfolio is illustrated.
For example, screen 2401 shows that the user may utilize a
market factor widget 2405A to view ranges of allowable
values (e.g., based on customizations specified in the
selected predefined scenario) for the VIX market factor
using an allowable range widget 2410A, and a market factor
widget 2405B to view ranges of allowable values (e.g.,
based on customizations specified in the selected predefined
scenario) for the SP500 market factor using an allowable
range widget 2410B.

[0404] Screen 2401 shows that the user may utilize a
drawdown widget 2425 to view the expected loss (e.g.,
-9.42%) at the worst CVaR percentile outcomes for the
portfolio under the original predefined scenario. The user
may utilize a return volatility widget 2430 to view the return
volatility (e.g., 4.15%) of the portfolio under the original
predefined scenario. The user may utilize a returns distri-
bution widget 2435 to view the returns distribution of the
portfolio under the original predefined scenario. The user
may utilize a portfolio securities weights widget 2440 to
view and/or modify portfolio securities weights of indi-
vidual portfolio securities of the portfolio under the original
predefined scenario. The user may utilize a portfolio secu-
rities returns widget 2445 to view expected returns of
individual portfolio securities of the portfolio under the
original predefined scenario.

[0405] FIG. 25 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 25, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
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a portfolio returns visualization for a portfolio is illustrated.
Screen 2501 shows that when the user modifies the range of
allowable values for a market factor, an updated visualiza-
tion showing how the expected portfolio return metrics for
the portfolio and/or the expected security return metrics for
the constituent securities of the portfolio have been affected
may be generated. For example, the user may utilize an
allowable range widget 2510A to modify the range of
allowable values (e.g., a customization) for the VIX market
factor. The updated visualization shows how the range of
allowable values (e.g., shown in an allowable range widget
2510B) for the SP500 market factor has been affected (e.g.,
based on the updated set of filtered market scenarios). The
updated visualization shows that the user may utilize a
drawdown widget 2525 to view the expected loss (e.g.,
-20.25%) at the worst CVaR percentile outcomes for the
portfolio under the customized predefined scenario, the
expected loss (e.g., —9.42%) at the worst CVaR percentile
outcomes for the portfolio under the original predefined
scenario, and the difference in the expected loss at the worst
CVaR percentile outcomes (e.g., —10.83) between the two
scenarios. The updated visualization shows that the user may
utilize a return volatility widget 2530 to view the return
volatility (e.g., 4.51%) for the portfolio under the custom-
ized predefined scenario, the return volatility (e.g., 4.15%)
for the portfolio under the original predefined scenario, and
the difference in the expected return volatility (e.g., 0.36%)
between the two scenarios. The updated visualization shows
that the user may utilize a returns distribution widget 2535
to view the returns distribution for the portfolio under the
customized predefined scenario, the returns distribution for
the portfolio under the original predefined scenario, and the
difference in the expected returns distribution between the
two scenarios. The user may utilize a portfolio securities
weights widget 2540 to view and/or modify portfolio secu-
rities weights of individual portfolio securities of the port-
folio under the customized predefined scenario. The user
may utilize a portfolio securities returns widget 2545 to view
expected returns of individual portfolio securities of the
portfolio under the customized predefined scenario. The user
may utilize an optimize widget 2550 to determine an opti-
mized portfolio under the customized predefined scenario
(e.g., determined based on the updated set of filtered market
scenarios). The user may utilize an execute widget 2555 to
initiate the execution of tradeable buy and/or sell transac-
tions utilized to create the optimized portfolio under the
customized predefined scenario.

[0406] FIG. 26 shows a datagraph illustrating data flow(s)
for the MLPO. In FIG. 26, dashed lines indicate data flow
elements that may be more likely to be optional. In FIG. 26,
an user client 2604 (e.g., of a user) may send a portfolio
returns visualization request 2621 to a MLPO server 2606 to
facilitate generating a portfolio returns visualization based
on specified business cycle settings. For example, the user
client may be a desktop, a laptop, a tablet, a smartphone, a
smartwatch, and/or the like that is executing a client appli-
cation. In one implementation, the portfolio returns visual-
ization request may include data such as a request identifier,
a user identifier, business cycle settings, a simulation model,
a pricing date, a portfolio identifier, and/or the like. In one
embodiment, the user client may provide the following
example portfolio returns visualization request, substantially
in the form of a HTTP(S) POST message including XMIL.-
formatted data, as provided below:
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POST /portfolio_returns_visualization_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<portfolio_returns_visualization_request™>
<request_identifier>ID_request_41</request_identifier>
<user_identifier>ID_user_1</user_identifier>
<business_cycle_settings>
<business_cycle>
<business_cycle_identifier>ID_CYCLE_LATE</business_cycle_
identifier>
<business_cycle_weight>100%</business_cycle_weight>
</business_cycle>
</business_cycle_settings>
<simulation_model>ID_neural_network simulation_model 1Y _
</simulationmodel>
<pricing date>2020-04-17</pricing date>
<portfolio_identifier>ID_portfolio_1</portfolio_identifier>
</portfolio_returns_visualization_request™>

[0407] The MLPO server 2606 may send an expected
returns retrieve request 2623 to a repository 2610 to facili-
tate retrieving expected returns for securities in the portfolio
for simulated scenarios corresponding to the specified simu-
lation (e.g., with a simulation identifier determined based on
the specified pricing date and/or simulation model). In one
implementation, the expected returns retrieve request may
include data such as a request identifier, expected returns to
retrieve specification, and/or the like. In one embodiment,
the MLPO server may provide the following example
expected returns retrieve request, substantially in the form of
a HTTP(S) POST message including XML-formatted data,
as provided below:

POST /expected_returns_retrieve_request.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<expected_returns_retrieve_request>
<request_identifier>ID_request_42</request_identifier>
<expected_returns_specification™>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<securities>MSFT, AAPL, ...</securities>
</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<securities>MSFT, AAPL, ...</securities>
</scenario>

</expected_returns_specification>
</expected_returns_retrieve_request™>

[0408] The repository 2610 may send an expected returns
retrieve response 2629 to the MLPO server 2606 with the
requested expected returns data. In one implementation, the
expected returns retrieve response may include data such as
a response identifier, the requested expected returns data,
and/or the like. In one embodiment, the repository may
provide the following example expected returns retrieve
response, substantially in the form of a HTTP(S) POST
message including XML-formatted data, as provided below:

POST /expected_returns_retrieve_response.php HTTP/1.1
Host: www.server.com
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Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<expected_returns_retrieve_response>
<response_identifier>ID_response_42</response_identifier>
<expected_returns>
<scenario>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<security>
<security_identifler>MSFT</security_identifier>
<expected_return>10%</expected_return>
</security>
<security>
<security_identifler>AAPL</security_identifier>
<expected_return>12%</expected_return>
</security>

</scenario>
<scenario>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<security>
<security_identifler>MSFT</security_identifier>
<expected_return>15%</expected_return>
</security>
<security>
<security_identifler>AAPL</security_identifier>
<expected_return>13%</expected_return>
</security>

</scenario>

</expected_returns>
</expected_returns_retrieve_response™>

[0409] A business cycle based portfolio returns visualizing
(BPRV) component 2633 may utilize data provided in the
portfolio returns visualization request to generate a portfolio
return metrics visualization. See FIG. 27 for additional
details regarding the BPRV component.

[0410] The MLPO server 2606 may send a portfolio
returns visualization response 2637 to the user client 2604 to
provide a visualization of portfolio return metrics for the
specified portfolio under the specified business cycle set-
tings. In one implementation, the portfolio returns visual-
ization response may include data such as a response iden-
tifier, visualization data, and/or the like. In one embodiment,
the MLPO server may provide the following example port-
folio returns visualization response, substantially in the form
of a HTTP(S) POST message including XML-formatted
data, as provided below:

POST /portfolio_returns_visualization_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<portfolio_returns_visualization_response>
<response_identifier>ID_response_41</response_identifier>
<visualization_data>
portfolio return metrics data (e.g., constituent securities’ and/or
portfolio’s returns, worst returns, return volatility, frequency vs.
returns data)
</visualization_data>
</portfolio_returns_visualization_response>

[0411] If the user customizes business cycle settings, the
user client 2604 may send a visualization business cycle
customization input 2641 to the MLPO server 2606 speci-
fying updated business cycle settings. In one implementa-
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tion, the visualization business cycle customization input
may include data such as a request identifier, business cycle
settings, and/or the like. In one embodiment, the user client
may provide the following example visualization business
cycle customization input, substantially in the form of a
HTTP(S) POST message including XMI -formatted data, as
provided below:
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alization request may be parsed (e.g., using PHP commands)
to determine the market scenarios to utilize (e.g., based on
the values of the simulation_model and/or pricing_date
fields). For example, the selected simulation model and/or
pricing date may be used to determine a simulation identifier
(e.g., ID_sim_1) of the corresponding simulation (e.g., a set
of simulated market scenarios).

POST /visualization_business_cycle_customization_input.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<visualization_business_cycle_customization_input>
<request_identifier>ID_request_43</request_identifier>
<business_cycle_settings>
<business_cycle>

<business_cycle_identifier>ID_CYCLE_LATE</business_cycle_identifier>

<business_cycle_weight>85%</business_cycle_weight>
</business_cycle>
<business_cycle>

<business_cycle_identifier>ID_CYCLE_RECESSION</business_cycle_identifier>

<business_cycle_weight>15%</business_cycle_weight>
</business_cycle>
</business_cycle_settings>
</visualization_business_cycle_customization_input>

[0412] The MLPO server 2606 may send a visualization
business cycle customization output 2645 to the user client
2604 to provide an updated visualization of portfolio return
metrics for the specified portfolio (e.g., under the modified
business cycle settings). In one implementation, the visual-
ization business cycle customization output may include
data such as a response identifier, visualization data, and/or
the like. In one embodiment, the MLPO server may provide
the following example visualization business cycle customi-
zation output, substantially in the form of a HTTP(S) POST
message including XML-formatted data, as provided below:

POST /visualization_business_cycle_customization_output.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<visualization_business_cycle_customization_output>
<response_identifier>ID_response_43</response_identifier>
<visualization_data>
portfolio return metrics data (e.g., constituent securities” and/or
portfolio’s returns, worst returns, return volatility, frequency vs.
returns data)
</visualization_data>
</visualization_business_cycle_customization_output>

[0413] FIG. 27 shows a logic flow illustrating embodi-
ments of a business cycle based portfolio returns visualizing
(BPRV) component for the MLPO. In FIG. 27, a portfolio
returns visualization request may be obtained at 2701. For
example, the portfolio returns visualization request may be
obtained as a result of a user requesting generation of a
portfolio returns visualization.

[0414] Market scenarios to utilize for generating the port-
folio returns visualization may be determined at 2705. In one
embodiment, the market scenarios to utilize may be deter-
mined based on the simulation model (e.g., for a specified
pricing date) and/or time period length selected by the user.
In another embodiment, the market scenarios to utilize may
be determined based on filters applied to simulated market
scenarios. In one implementation, the portfolio returns visu-

[0415] Portfolio securities of a portfolio may be deter-
mined at 2709 and portfolio securities weights for the
portfolio securities may be determined at 2713. In one
embodiment, the portfolio securities and/or the correspond-
ing portfolio securities weights may be retrieved from a
database (e.g., based on a portfolio identifier). In one imple-
mentation, the portfolio returns visualization request may be
parsed (e.g., using PHP commands) to determine the port-
folio identifier (e.g., based on the value of the portfolio_
identifier field). In another embodiment, the portfolio secu-
rities and/or the corresponding portfolio securities weights
may be specified by the user. In one implementation, the
portfolio returns visualization request may be parsed (e.g.,
using PHP commands) to determine the specified portfolio
securities and/or the corresponding portfolio securities
weights. In another embodiment, the portfolio securities
and/or the corresponding portfolio securities weights may be
determined based on an optimization. In one implementa-
tion, the portfolio securities and/or the corresponding port-
folio securities weights may be determined as discussed with
regard to the PC component.

[0416] Expected returns of the portfolio securities for the
market scenarios to utilize may be retrieved from a database
at 2717. For example, the expected returns may be cached to
facilitate expected return metrics calculations. In one imple-
mentation, the expected returns may be retrieved via an
expected returns retrieve request.

[0417] A determination may be made at 2721 whether
there remain portfolio securities to process. In one imple-
mentation, each of the constituent portfolio securities may
be processed. If there remain portfolio securities to process,
the next security (e.g., with identifier MSFT) may be
selected for processing at 2725.

[0418] A determination may be made at 2729 whether
there remain market scenarios to analyze. In one implemen-
tation, each of the market scenarios to utilize may be
analyzed. If there remain market scenarios to analyze, the
next market scenario (e.g., with identifier ID_scenario_1)
may be selected for analysis at 2733.
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[0419] An expected return for the selected security for the -continued
selected market scenario may be determined at 2737. In one
implementation, the expected return may be retrieved from Attribute name Mandatory Default Description/Rule
cache. In another implementation, the expected return may
be retrieved from a database. For example, the expected
return for the selected security for the selected market — simulationld Y 0 Taxable = 1, Tax-Exempt = 0
scenario may be determined via a MySQL database com- simulationInputs Y List of factor min and max
mand similar to the following: range for filtering of

scenarios
SELECT linkedScenarioSecurityExpectedReturn businessCyclelnputs N List of business cycle
FROM ExpectedReturns inputs and associated
\1§§RE securitylD = “MSFT” AND linkedSimulationID = ID_sim_1 percentages. (e.g., Late

linkedScenarioID = ID_scenario_1; Cycle 50% and Recession
50%)
pricingDt Y Current Pricing Date for

[0420] Expected security return metrics for the selected
security for the market scenarios to utilize may be calculated
at 2741. For example, the expected security return metrics available
for a security may include the security’s expected return,

which simulation data is

worst returns, return volatility, frequency vs. returns data,
and/or the like. In one implementation, the expected security

return metrics for each security may be determined by

iterating through the market scenarios to utilize and calcu- REQUEST
lating the expected security return metrics based on the POST APLrunAnalysis
ex.p.ected returns (e.g., cached) for the market scenarios to Content-type: application/json
utilize. For example, the expected return for the selected {
security for the market scenarios to utilize may be deter- "securitylnputs”: [{
mined via a MySQL database command similar to the “fmrCusip”: “EAFE”,
following: “description”:”EAFE”,
“qty™: 200000
B A
, , , “fmrCusip™: “DHI270000”,
SELECT AVG(linkedScenarioSecurityExpectedReturn) “description”: "USTB 3.375% 11/15/48",
FROM Expect‘l:dRetums . . . . “qty”: 200000
WHERE securityID = “MSFT” AND linkedSimulationID = ID_sim_1; }
[0421] Expected portfolio return metrics for the portfolio ']"cash”: 0.
for the market scenarios to utilize may be calculated at 2745. "modelld”: 1,
For example, the expected portfolio return metrics for a "simulationld": 1,
portfolio may include the portfolio’s expected return, worst “pricingDt": “01/01/2020”,
returns, return volatility, frequency vs. returns data, and/or "simulationInputs”:[{

“factorName”: "VIX",
“rangeStart”: —3544,
“rangeEnd”: 5513

the like. In various implementations, the expected portfolio
return metrics for the portfolio may be calculated using a

weighted average (e.g., weighted based on the portfolio 1

securities weights) of the expected security returns and/or of “factorName™: "SP500",
the calculated expected security return metrics for the con- “rangeStart™ -4648,
stituent securities of the portfolio. For example, the follow- “rangeEnd”: 2947}

ing API may be utilized to determine the expected portfolio

B
return metrics for the portfolio for the market scenarios to businessCyclelnputs” [{

cycleName: "Late",

utilize: percentage: 100
[0422] POST API/RUNANALYSIS I
[0423] This API facilitates generating portfolio return cycleName: "Recession”,

metrics visualization for a specified portfolio (e.g., list percentage: 0

of securities). The portfolio return metrics calculation 1

results are included in the Summary object returned by }

the APL RESPONSE

[0424] The API returns HTTP/1.1 status code 201 if the

request is successful. It returns 500 Internal Server 201

Error if there is an exception. Content-Type: application/json
[0425] Input Parameter Details { BU—

ary": {
“risk”™: 234.42.
“avgSPercentile”: -202.09
Attribute name Mandatory Default Description/Rule I
“marketReturns”:[
securitylnputs Y Specify the initial "marketId": 959,
investment "bucketld": 4,

cash N 0 Integer between 1 and 50 "marketReturn": -434.16
modelld Y 1 Integer, either 1 or 4 ho{

based on the model "marketId": 2527,
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-continued
"bucketId": 6,
"marketReturn": -252.16
I
]
¥
[0426] A visualization of the expected portfolio return

metrics for the portfolio and/or of the expected security
return metrics for the constituent securities of the portfolio
for the market scenarios to utilize may be generated at 2749.
In one implementation, user interface widgets showing the
expected portfolio return metrics and/or the expected secu-
rity return metrics may be generated via a portfolio returns
visualization response. See FIGS. 28-30 for examples of
visualizations that may be generated.

[0427] A determination may be made at 2753 whether a
business cycle selection input was obtained from the user. In
one embodiment, the business cycle selection input may be
a user interface input from the user with a user-specified
business cycle selection. For example, the user may select a
business cycle (e.g., using a user interface widget to select
a specific business cycle, using a user interface widget to
request that the MLPO determine the appropriate business
cycle (e.g., the business cycle under which the portfolio has
the best or the worst expected return metrics)) to determine
how expected portfolio return metrics for the portfolio
and/or for the constituent securities of the portfolio would
change given occurrence of the business cycle (e.g., during
the investment time period). In another example, the user
may select multiple business cycles, and an associated
weight (e.g., probability of occurrence) for each business
cycle, to determine how expected portfolio return metrics for
the portfolio and/or for the constituent securities of the
portfolio would change given business cycle expectations
(e.g., during the investment time period).

[0428] Ifabusiness cycle selection input was obtained, the
specified set of business cycles and/or associated business
cycle weights may be determined at 2755. In one imple-
mentation, the set of business cycles and/or the associated
business cycle weights may be specified in a visualization
business cycle customization input, and the visualization
business cycle customization input may be parsed (e.g.,
using PHP commands) to determine the specified set of
business cycles and/or the associated business cycle weights
(e.g., based on the values of the business_cycle_identifier
and/or business_cycle_weight fields).

[0429] A determination may be made at 2757 whether
there remain business cycles to process. In one implemen-
tation, each of the specified business cycles may be pro-
cessed. If there remain business cycles to process, the next
business cycle may be selected for processing at 2759.
[0430] The market scenarios to utilize may be filtered
based on the selected business cycle at 2761. In one embodi-
ment, the market scenarios to utilize may be filtered to the
subset of market scenarios that are associated with the
selected business cycle. In one implementation, each market
scenario to utilize may be associated with a business cycle
identifier (e.g., indicating a business cycle during which a
simulated market scenario would have occurred), and mar-
ket scenarios to utilize whose business cycle identifiers do
not match the business cycle identifier of the selected
business cycle may be filtered out. In another embodiment,

38

Mar. 31, 2022

the market scenarios to utilize also may be filtered based on
specified customized market factors (e.g., as discussed with
regard to FIG. 21).

[0431] Expected security return metrics for the portfolio
securities for the filtered market scenarios may be calculated
at 2765. In one implementation, the expected security return
metrics for each constituent security of the portfolio for the
selected business cycle may be determined by iterating
through the filtered market scenarios and calculating the
expected security return metrics based on the expected
returns (e.g., cached) for the filtered market scenarios. For
example, the expected return for a constituent security (e.g.,
MSEFT) of the portfolio for the filtered market scenarios may
be determined via a MySQL database command similar to
the following:

[0432] SELECT AVG(linkedScenarioSecurityExpect-
edReturn)

[0433] FROM ExpectedReturns

[0434] WHERE securityID="MSFT” AND

linkedSimulationID=ID_sim_1 AND

[0435] linkedScenariolD IN (ID_scenario_1,
ID_scenario_2, . . . );
[0436] Expected portfolio return metrics for the portfolio

for the filtered market scenarios may be calculated at 2769.
In various implementations, the expected portfolio return
metrics for the portfolio for the selected business cycle may
be calculated using a weighted average (e.g., weighted based
on the portfolio securities weights) of the expected security
returns and/or of the calculated expected security return
metrics for the constituent securities of the portfolio (e.g.,
via the API) for the selected business cycle.

[0437] Once the specified business cycles have been pro-
cessed, weighted expected security return metrics for the
portfolio securities for the specified business cycles may be
calculated at 2773. For example, the weighted expected
security return metrics for a security may include the secu-
rity’s weighted expected return, worst returns, return vola-
tility, frequency vs. returns data, and/or the like. In various
implementations, the weighted expected security return met-
rics for a constituent security for the specified business
cycles may be calculated using a weighted average (e.g.,
weighted based on the associated business cycle weights) of
the expected security returns for the constituent security for
each of'the specified business cycles and/or of the calculated
expected security return metrics for the constituent security
for each of the specified business cycles.

[0438] Weighted expected portfolio return metrics for the
portfolio for the specified business cycles may be calculated
at 2777. For example, the weighted expected portfolio return
metrics for a portfolio may include the portfolio’s weighted
expected return, worst returns, return volatility, frequency
vs. returns data, and/or the like. In various implementations,
the weighted expected portfolio return metrics for the port-
folio for the specified business cycles may be calculated
using a weighted average (e.g., weighted based on the
portfolio securities weights) of the calculated weighted
expected security return metrics for the constituent securities
of the portfolio and/or using a weighted average (e.g.,
weighted based on the associated business cycle weights) of
the calculated expected portfolio return metrics for the
portfolio for each of the specified business cycles (e.g., via
the API).

[0439] A visualization of the weighted expected portfolio
return metrics for the portfolio and/or of the weighted
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expected security return metrics for the constituent securities
of the portfolio for the specified business cycles may be
generated at 2781. In one implementation, user interface
widgets showing the weighted expected portfolio return
metrics and/or the weighted expected security return metrics
may be generated (e.g., via a portfolio returns visualization
response, via a visualization business cycle customization
output). See FIGS. 28-30 for examples of visualizations that
may be generated.

[0440] A determination may be made at 2785 whether a
business cycle weight selection input was obtained from the
user (e.g., via a visualization business cycle customization
input). In one embodiment, the business cycle weight selec-
tion input may be a user interface input from the user with
user-specified business cycle weights for the specified busi-
ness cycles. If a business cycle weight selection input was
obtained, the specified business cycle weights for the speci-
fied business cycles may be updated at 2789. In one imple-
mentation, the visualization business cycle customization
input may be parsed (e.g., using PHP commands) to deter-
mine the updated business cycle weights (e.g., based on the
values of the business_cycle_weight fields). A determination
may be made at 2793 whether the expected portfolio return
metrics for the portfolio for each of the specified business
cycles and/or the expected security return metrics for the
constituent securities of the portfolio for each of the speci-
fied business cycles are cached (e.g., from a previous
calculation that used different business cycle weights for the
specified business cycles). If cached, an updated visualiza-
tion of the weighted expected portfolio return metrics for the
portfolio and/or of the weighted expected security return
metrics for the constituent securities of the portfolio for the
specified business cycles may be generated as discussed
with regard to 2773-2781. If not cached, an updated visu-
alization of the weighted expected portfolio return metrics
for the portfolio and/or of the weighted expected security
return metrics for the constituent securities of the portfolio
for the specified business cycles may be generated as
discussed with regard to 2757-2781.

[0441] FIG. 28 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 28, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
a portfolio returns visualization for a portfolio is illustrated.
Screen 2801 shows that a user may utilize a business cycle
tab 2803 to specify business cycle settings. The user may
utilize business cycle selection widgets 2805A-B to specify
business cycles to utilize. For example, business cycle
selection widget 2805A shows some exemplary business
cycles that may be selected by the user. The user may utilize
business cycle weight selection widgets 2810A-B to specify
business cycle weights to utilize. For example, the user may
specify that a portfolio returns visualization should be
generated based on an expectation that the Late business
cycle (e.g., selected using business cycle selection widget
2805A) is going to occur with 100% probability (e.g.,
selected using business cycle weight selection widget
2810A). The user may utilize a positioning widget 2815 to
request that the MLPO determine the appropriate business
cycle. For example, the user may specify that a portfolio
returns visualization should be generated for the business
cycle under which the portfolio has the best expected returns
(e.g., Late business cycle).

[0442] Screen 2801 shows that the user may utilize a
returns distribution widget 2835 to view the returns distri-
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bution of the portfolio under the original business cycle
settings. The user may utilize a portfolio securities weights
widget 2840 to view and/or modify portfolio securities
weights of individual portfolio securities of the portfolio
under the original business cycle settings. The user may
utilize a portfolio securities returns widget 2845 to view
expected returns of individual portfolio securities of the
portfolio under the original business cycle settings.

[0443] FIG. 29 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 29, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
a portfolio returns visualization for a portfolio is illustrated.
Screen 2901 shows that when the user modifies the business
cycle settings an updated visualization showing how the
expected portfolio return metrics for the portfolio and/or the
expected security return metrics for the constituent securities
of the portfolio have been affected may be generated. For
example, the user may specify that the updated portfolio
returns visualization should be generated based on an expec-
tation (e.g., a customization) that the Late business cycle
(e.g., selected using business cycle selection widget 2905A)
is going to occur with 85% probability (e.g., selected using
business cycle weight selection widget 2910A) and the
Recession business cycle (e.g., selected using business cycle
selection widget 2905B) is going to occur with 15% prob-
ability (e.g., selected using business cycle weight selection
widget 2910B). The updated visualization shows that the
user may utilize a drawdown widget 2925 to view the
expected loss (e.g., —1.30%) at the worst CVaR percentile
outcomes for the portfolio under the customized business
cycle settings, the expected loss (e.g., —0.99%) at the worst
CVaR percentile outcomes for the portfolio under the origi-
nal business cycle settings, and the difference in the
expected loss at the worst CVaR percentile outcomes (e.g.,
-0.31) between the two business cycle settings. The updated
visualization shows that the user may utilize a return vola-
tility widget 2930 to view the return volatility (e.g., 0.55%)
for the portfolio under the customized business cycle set-
tings, the return volatility (e.g., 0.40%) for the portfolio
under the original business cycle settings, and the difference
in the expected return volatility (e.g., 0.15%) between the
two business cycle settings. The updated visualization
shows that the user may utilize a returns distribution widget
2935 to view the returns distribution for the portfolio under
the customized business cycle settings, the returns distribu-
tion for the portfolio under the original business cycle
settings, and the difference in the expected returns distribu-
tion between the two business cycle settings. The user may
utilize a portfolio securities weights widget 2940 to view
and/or modify portfolio securities weights of individual
portfolio securities of the portfolio under the customized
business cycle settings. The user may utilize a portfolio
securities returns widget 2945 to view expected returns of
individual portfolio securities of the portfolio under the
customized business cycle settings. The user may utilize an
optimize widget 2950 to determine an optimized portfolio
under the customized business cycle settings (e.g., deter-
mined based on the updated weighted expected security
returns for the constituent securities of the portfolio). The
user may utilize an execute widget 2955 to initiate the
execution of tradeable buy and/or sell transactions utilized to
create the optimized portfolio under the customized business
cycle settings.
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[0444] FIG. 30 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 30, an exemplary user inter-
face (e.g., for a mobile device, for a website) for generating
a portfolio returns visualization for a portfolio is illustrated.
Screen 3001 shows that the user may utilize a positioning
widget 3015 to request that the MLLPO determine the appro-
priate business cycle. For example, the user may specify that
a portfolio returns visualization should be generated for the
business cycle (e.g., a customization) under which the
portfolio has the worst expected returns (e.g., Early business
cycle (e.g., as shown by business cycle selection widgets
3005A-B) with 100% probability (e.g., as shown by busi-
ness cycle weight selection widgets 3010A-B)). The updated
visualization shows that the user may utilize a drawdown
widget 3025 to view the expected loss (e.g., —=1.19%) at the
worst CVaR percentile outcomes for the portfolio under the
customized business cycle settings, the expected loss (e.g.,
-0.99%) at the worst CVaR percentile outcomes for the
portfolio under the original business cycle settings, and the
difference in the expected loss at the worst CVaR percentile
outcomes (e.g., —0.20) between the two business cycle
settings. The updated visualization shows that the user may
utilize a return volatility widget 3030 to view the return
volatility (e.g., 0.45%) for the portfolio under the custom-
ized business cycle settings, the return volatility (e.g.,
0.40%) for the portfolio under the original business cycle
settings, and the difference in the expected return volatility
(e.g., 0.05%) between the two business cycle settings. The
updated visualization shows that the user may utilize a
returns distribution widget 3035 to view the returns distri-
bution for the portfolio under the customized business cycle
settings, the returns distribution for the portfolio under the
original business cycle settings, and the difference in the
expected returns distribution between the two business cycle
settings. The user may utilize a portfolio securities weights
widget 3040 to view and/or modify portfolio securities
weights of individual portfolio securities of the portfolio
under the customized business cycle settings. The user may
utilize a portfolio securities returns widget 3045 to view
expected returns of individual portfolio securities of the
portfolio under the customized business cycle settings.

[0445] FIG. 34 shows a datagraph illustrating data flow(s)
for the MLPO. In FIG. 34, a client 3402 (e.g., of a user) may
send a portfolio returns visualization request 3421 to an
application server 3406 to facilitate generating a portfolio
returns visualization (e.g., based on customized market
factors as discussed with regard to FIG. 20, based on
specified business cycle settings as discussed with regard to
FIG. 26, for constructing an optimized bond ladder portfolio
as discussed with regard to FIG. 37). For example, the client
may be a desktop, a laptop, a tablet, a smartphone, a
smartwatch, and/or the like that is executing a client appli-
cation. In one implementation, the portfolio returns visual-
ization request may include data such as a request identifier,
a user identifier, a predefined scenario identifier, business
cycle settings, a simulation model, a pricing date, a portfolio
identifier, investment securities settings, and/or the like. In
one embodiment, the client may provide the following
example portfolio returns visualization request, substantially
in the form of a (Secure) Hypertext Transfer Protocol
(“HTTP(S)”) POST message including eXtensible Markup
Language (“XML”) formatted data, as provided below:
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POST /portfolio_returns_visualization_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-8"?>

<portfolio_returns_visualization_request™>
<request_identifier>ID_request_51</request_identifier>
<user_identifier>ID_user 1</user_identifier>
<simulation_model>ID_neural_network simulation_model 1Y
</simulation_model>
<pricing date>2020-04-17</pricing date>
<portfolio_identifier>ID_portfolio_1</portfolio_identifier>

</portfolio_returns_visualization_request™>

[0446] A portfolio returns visualizing (PRV) component
3425 may utilize data provided in the portfolio returns
visualization request to generate a portfolio return metrics
visualization based on asset return metrics provided by a
database calculation engine. In some embodiments, the PRV
component may be an optimized version of the SPRV
component (e.g., discussed with regard to FIG. 21), BPRV
component (e.g., discussed with regard to FIG. 27), and/or
the like components (e.g., a component used to implement
a bond ladder construction process discussed with regard to
FIG. 48) that utilizes the database calculation engine for
improved performance. See FIG. 35 for additional details
regarding the PRV component.

[0447] The application server 3406 may send an asset
return metrics calculation request 3429 to a database server
3410 to obtain asset return metrics for securities in the
portfolio for simulated scenarios corresponding to the speci-
fied simulation (e.g., with a simulation identifier determined
based on the specified pricing date and/or simulation
model). In one implementation, the asset return metrics
calculation request may include data such as a request
identifier, asset return metrics to retrieve specification, and/
or the like. In one embodiment, the application server may
provide the following example asset return metrics calcula-
tion request, substantially in the form of a HTTP(S) POST
message including XML -formatted data, as provided below:

POST /asset_return_metrics_calculation_request.php HTTP/1.1

Host: www.server.com

Content-Type: Application/ XML

Content-Length: 667

<?XML version = “1.0” encoding = “UTF-"87>

<asset_return_metrics_calculation_request™>
<request_identifier>ID_request_52</request_identifier>
<securities>MSFT, AAPL, ...</securities>
<simulation_identifier>ID_sim_1</simulation_identifier>
<pricing date>2020-04-17</pricing date>
<requested_asset_return_metrics>

ID_METRIC_EXPECTED_RETURN, ID_METRIC_CVAR

</requested_asset_return_metrics™>

</asset_return_metrics_calculation_request>

[0448] An asset return metrics calculating (ARMC) com-
ponent 3433 may utilize data provided in the asset return
metrics calculation request to calculate asset return metrics
for securities in the portfolio. See FIG. 36 for additional
details regarding the ARMC component.

[0449] The database server 3410 may send an asset return
metrics calculation response 3437 to the application server
3406 with the requested asset return metrics data. In one
implementation, the asset return metrics calculation
response may include data such as a response identifier, the
requested asset return metrics data, and/or the like. In one
embodiment, the database server may provide the following
example asset return metrics calculation response, substan-
tially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:
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POST /asset_return_metrics_calculation_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<asset_return_metrics_calculation_response>
<response_identifier>ID_response_52</response_identifier>
<asset_simulation_wide_table_data>
<record>
<asset_id>IBM</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<returns>354,353,369,...</returns>
</record>
<record>
<asset_id>AAPL</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<returns>384,430,276,...</returns>
</record>

</asset_simulation_wide_table_data>
<asset_measure_table_data>
<record>
<asset_id>IBM</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<metric_identifier>ID_METRIC_EXPECTED_ RETURN</metric_identifier>
<metric_value>354</metric_value>
</record>
<record>
<asset_id>IBM</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<metric_identifier>ID_METRIC_EXPECTED_ RETURN</metric_identifier>
<metric_value>353</metric_value>
</record>

<record>
<asset_id>IBM</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<metric_identifier>ID_METRIC_CVAR</metric_identifier>
<metric_value>-8.05%</metric_value>

</record>

<record>
<asset_id>IBM</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<metric_identifier>ID_METRIC_CVAR</metric_identifier>
<metric_value>-9.15%</metric_value>

</record>

<record>
<asset_id>AAPL</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_1</scenario_identifier>
<metric_identifier>ID_METRIC_EXPECTED_ RETURN</metric_identifier>
<metric_value>384</metric_value>

</record>

<record>
<asset_id>AAPL</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<metric_identifier>ID_METRIC_EXPECTED_ RETURN</metric_identifier>
<metric_value>430</metric_value>

</record>

<record>
<asset_id>AAPL</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
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<scenario_identifier>ID_scenario_1</scenario_identifier>
<metric_identifier>ID_METRIC_CVAR</metric_identifier>
<metric_value>-10.05%</metric_value>

</record>

<record>
<asset_id>AAPL</asset_id>
<pricing date>2020-04-17</pricing date>
<simulation_identifier>ID_sim_1</simulation_identifier>
<scenario_identifier>ID_scenario_2</scenario_identifier>
<metric_identifier>ID_METRIC_CVAR</metric_identifier>
<metric_value>-7.15%</metric_value>

</record>

</asset_measure_table_data>
</asset_return_metrics_calculation_response>

[0450] The application server 3406 may send a portfolio
returns visualization response 3441 to the client 3402 to
provide a visualization of portfolio return metrics for the
specified portfolio. In one implementation, the portfolio
returns visualization response may include data such as a
response identifier, visualization data, and/or the like. In one
embodiment, the application server may provide the follow-
ing example portfolio returns visualization response, sub-
stantially in the form of a HTTP(S) POST message including
XML-formatted data, as provided below:

POST /portfolio_returns_visualization_response.php HTTP/1.1
Host: www.server.com
Content-Type: Application/ XML
Content-Length: 667
<?XML version = “1.0” encoding = “UTF-8"?>
<portfolio_returns_visualization_response>
<response_identifier>ID_response_51</response_identifier>
<visualization_data>
portfolio return metrics data (e.g., constituent securities” and/or
portfolio’s returns, worst returns, return volatility, frequency vs.
returns data)
</visualization_data>
</portfolio_returns_visualization_response>

[0451] FIG. 35 shows a logic flow illustrating embodi-
ments of a portfolio returns visualizing (PRV) component
for the MLPO. In FIG. 35, a portfolio returns visualization
request may be obtained at 3501. For example, the portfolio
returns visualization request may be obtained as a result of
a user requesting generation of a portfolio returns visual-
ization.

[0452] Market scenarios to utilize for generating the port-
folio returns visualization may be determined at 3505. In one
embodiment, the market scenarios to utilize may be deter-
mined based on the simulation model (e.g., for a specified
pricing date) and/or time period length selected by the user.
In another embodiment, the market scenarios to utilize may
be determined based on filters applied to simulated market
scenarios. In one implementation, the portfolio returns visu-
alization request may be parsed (e.g., using PHP commands)
to determine the market scenarios to utilize (e.g., based on
the values of the simulation_model and/or pricing-date
fields). For example, the selected simulation model and/or
pricing date may be used to determine a simulation identifier
(e.g., ID_sim_1) of the corresponding simulation (e.g., a set
of simulated market scenarios).

[0453] Portfolio securities of a portfolio may be deter-
mined at 3509 and portfolio securities weights for the

portfolio securities may be determined at 3513. In one
embodiment, the portfolio securities and/or the correspond-
ing portfolio securities weights may be retrieved from a
database (e.g., based on a portfolio identifier). In one imple-
mentation, the portfolio returns visualization request may be
parsed (e.g., using PHP commands) to determine the port-
folio identifier (e.g., based on the value of the portfolio_
identifier field). In another embodiment, the portfolio secu-
rities and/or the corresponding portfolio securities weights
may be specified by the user (e.g., via a set of securities
universe widgets as discussed with regard to FIG. 10, via a
set of security selection widgets as discussed with regard to
FIG. 41). In one implementation, the portfolio returns visu-
alization request may be parsed (e.g., using PHP commands)
to determine the specified portfolio securities and/or the
corresponding portfolio securities weights. In another
embodiment, the portfolio securities and/or the correspond-
ing portfolio securities weights may be determined based on
an optimization. In one implementation, the portfolio secu-
rities and/or the corresponding portfolio securities weights
may be determined as discussed with regard to the PC
component. In another implementation, the portfolio secu-
rities and/or the corresponding portfolio securities weights
may be determined as discussed with regard to FIG. 48.

[0454] Asset return metrics data for the portfolio securities
may be obtained via the ARMC component at 3517. In one
embodiment, an application (e.g., executed by an application
server) may be configured to generate a portfolio returns
visualization comprising a set of visualization return met-
rics, and the asset return metrics data utilized to calculate the
set of visualization return metrics may be obtained using the
database calculation engine (e.g., via an asset return metrics
calculation request). In one implementation, asset simula-
tion wide table data (e.g., utilized for calculating expected
portfolio return metrics for the portfolio) and/or asset mea-
sure table data (e.g., utilized for calculating expected secu-
rity return metrics for the constituent securities of the
portfolio) may be obtained. See 706 in FIG. 7C for an
example of asset simulation wide table data. See 710 in FIG.
7C for an example of asset measure table data.

[0455] A determination may be made at 3521 whether
there remain visualization return metrics to determine. In
one implementation, each of the visualization return metrics
in the set of visualization return metrics may be determined.
If there remain visualization return metrics to determine, the
next visualization return metric may be selected for process-
ing at 3525.
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[0456] A determination may be made at 3529 regarding of securities). The portfolio return metrics calculation
the type of the selected visualization return metric. In one results are included in the Summary object returned by
embodiment, a visualization return metric may be an the APIL.

expected portfolio return metric calculated for a portfolio. In .
another embodiment, a visualization return metric may be an [0460]  The API returns HTTP/1.1 status code 201 if the

expected security return metric calculated for a security. request is successful. It returns 500 Internal Server
[0457] If the selected visualization return metric type is Error if there is an exception.

portfolio, t.he selected expegted por.‘tfolio return metric for [0461] Input Parameter Details

the portfolio may be determined using the asset simulation
wide table data at 3533. For example, expected portfolio

return metrics for a portfolio may include.t.he portfolio’s Attribute name Mandatory Default Description/Rule
expected return, worst returns, return volatility, frequency : : —
vs. returns data, and/or the like. In various implementations, securitylnputs b .Spméyn thte initial
. . . mvestment

the selected expected.portfohq return metric for the portfoho simulationTd v 0 Taxable = 1, Tax-Exempt = 0
may be calculated using a weighted average (e.g., weighted simulationInputs Y List of factor min and max
based on the portfolio securities weights) of expected secu- range for filtering of
rity returns and/or of determined expected security return , seenanos

trics for the constituent securities of the portfolio usin businessCyclelnputs N List of business cycle
metrics 1or . . - p g inputs and associated
the asset simulation wide table data. For example, the percentages. (e.g., Late
following API may be utilized to determine expected port- Cycle 50% and Recession

. . . . . . . 0,
folio return metrics, in the set of visualization return metrics, . 50%) -

pricingDt Y Current Pricing Date for

for the portfolio for the market scenarios to utilize: which simulation data is
[0458] POST API/RUNANALYSIS available

[0459] This API facilitates generating portfolio return

metrics visualization for a specified portfolio (e.g., list

REQUEST

POST API/runAnalysis
Content-type: application/json
{"securitylnputs":[{"cusip":"806551E139", "qty":9000,"price":101.11},
{""cusip”:"806640VU9", "qty":14000,"price”:100}],
"simulationId”:6,
"scenariolnputs”:[{
"id":1,
"type'"1,
"simulationInputs”:[{"factorName":"VIX", rangeStart":-4588,"rangeEnd": 6796},
{"factorName":"SP500", "rangeStart":-5161,"rangeEnd":4082}],
"businessCycleInputs":[ ]

A
"id":2,
"ype:1,
"simulationInputs”:[ ],
"businessCycleInputs”:[{cycleName: "Late”, percentage: 100}, {cycleName:
"Recession”, percentage:

0}]
ju
“pricingDt™:”02/26/20207,
"logger"true
RESPONSE
201
Content-Type: application/json
"summary": [{

“id:1,

“risk”: 234.42,

“mean”: 255,

“cvar”: —202.09,

“Sper”: -172,

“25per”: -74,

“50per”: -24,

“75per”: 154,

“O5per”: 34,

B{

“Id”:2,

“risk”: 258.30,

“mean”: 267,

“cvar”: —256.09,

“Sper”: -176,

“25per”: -74,
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“50per”: -21,
“75per”: 165,
“O5per”: 38,

b,

“marketReturns™:[ {
"marketId”: 959,
"bucketId": 4,
"marketReturn": -434.16

A
"marketId": 2527,

"bucketId": 6,
"marketReturn": -252.16
I
]
¥
[0462] If the selected visualization return metric type is

security, the selected expected security return metric for the
portfolio securities of the portfolio may be determined using
the asset measure table data at 3537. For example, expected
security return metrics for a security may include the secu-
rity’s expected return, worst returns, return volatility, fre-
quency vs. returns data, and/or the like. In various imple-
mentations, the selected expected security return metric for
each security may be determined (e.g., retrieved, calculated)
using the asset measure table data. For example, the follow-
ing APl may be utilized to determine expected security
return metrics, in the set of visualization return metrics, for
the portfolio securities of the portfolio for the market
scenarios to utilize:

Operation
on Operation
Entities Type End Point Description

Run Bond POST
Ladder
Optimizer

Gets the bond
ladder based on
rule-based
optimization. The
API automatically
calls the
available bonds
API to get
available bonds
based on filter
criteria. It then
constructs the
bond ladder.

api/runBondLadderOptimizer

[0463] POST API/RUNBONDLADDEROPTIMIZER

[0464] This API facilitates generating portfolio returns
visualization. This API returns the bond ladder based
on filter specified as part of the input. The API auto-
matically calls the available bonds, applies the filter
and then returns bond ladder based on rule-based
optimization.

[0465] The API returns HTTP/1.1 status code 201 if the
request is successful. It returns 500 Internal Server
Error if there is an exception.

[0466] Input Parameter Details

Attribute name Mandatory Default Description/Rule

startInvestment Y 0 Specify the initial

investment

-continued

Attribute name Mandatory Default Description/Rule

startYear
endYear

Y
Y

Integer between 1 and 50
Integer between 1 and 50.
Should be greater than
startYear

taxStatus 1 Taxable = 1, Tax-Exempt = 0
composition
filter Set to TRUE if filter
should be applied.
Mandatory if Filter is set
to TRUE

FALSE
creditquality

federalTax
stateTax
surTax
step

“Zz2Zz 2z <Zz2Z

1 Integer value to specify

the Yield Range:

1 = Full Market (1st to 4th
Quartiles)

2 = Standard (2nd and 3rd
Quartile)

3 = Conservative (1st and
2nd Quartile)

4 = Aggressive (3rd and 4th
Quartile)

Integer value to specify

the Diversification (i.e.,
max allowed allocation
based on the percentage of
total market value of the
portfolio):

0.03 = High (Max Position
size = 3%)

0.05 = Medium (Max Position
size = 5%)

0.07 = Low (Max Position
size = 7%)

1 = No Limit on Position
size

FALSE = Maximize Yield
TRUE = Risk Adjusted Yield

diversification Y 0.03

riskAdjusted N FALSE

REQUEST

POST API/runBondLadderOptimizer
Content-type: application/json

"startInvestment”: 1000000,
"startYear": 1,

"endYear": 15,

"taxStatus': 1,
"composition”: 1,
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"ilter": true,
"creditquality”: "BB+",
"federal Tax": 37,

"stateTax": 5.1,
"surTax": 3.8,
"step”: 4,

"diversification”: 0.03,
“riskAdjusted”:true

RESPONSE

201
Content-Type: application/json

"yield": 4.515983619734928,

“proposed™:[ {
"fimrCusip”: "AEG778000",
"description”: "TALPHABET INC 3.625% 05/19/21",
"price": 103.04,
"yearsToMaturity": 2,
"staticYield": 1.774,
"minDenomination”: 2000,
"minIncrement”: 1000,
"rating": "AA",
"ratingGrp": 0,
"tradableQty"": 40,
"kdp_lyr": 0.011852,
"kdp_2yr": 0.076579,
"kdp_3yr": 0.117952,
"kdp_4yr": 0.134964,
"kdp_Syr": 0.177211,
"kdp_T7yr": 0.267062,
"kdp_10yr": 0.267116,
"ratingsIndex": 2,

1,
“bondLadderList™:[ {
"marketValue”: 67000,
"priceChange”: 45159.83619734928,
"defaultValue”: 0,
"yearsToMaturity": 11,
"securities”: [ }...],
“ratingsList™:[ {
"rating": "AA",
"weight": 0.0028821924148899635
bl

“logs”[...]

[0467] A visualization of the expected portfolio return
metrics for the portfolio and/or of the expected security
return metrics for the constituent securities of the portfolio
for the market scenarios to utilize may be generated at 3541.
In one implementation, user interface widgets showing the
expected portfolio return metrics and/or the expected secu-
rity return metrics may be generated via a portfolio returns
visualization response. See FIGS. 22-25, 28-30, and 41-47
for examples of visualizations that may be generated.

[0468] FIG. 36 shows a logic flow illustrating embodi-
ments of an asset return metrics calculating (ARMC) com-
ponent for the MLPO. In FIG. 36, an asset return metrics
calculation request may be obtained at 3601. For example,
the asset return metrics calculation request may be obtained
as a result of an application requesting calculation of asset
return metrics data.

[0469] Assets to analyze may be determined at 3605. In
one embodiment, asset return metrics data may be calculated
for the determined assets. In one implementation, the asset
return metrics calculation request may be parsed (e.g., using
PHP commands) to determine the assets (e.g., a set of
portfolio securities) to analyze (e.g., based on the value of
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the securities field). In another implementation, the assets
(e.g., a universe of securities (e.g., bonds)) to analyze may
be determined (e.g., to precalculate and/or cache asset return
metrics data) based on a configuration setting.

[0470] A simulation identifier to utilize may be determined
at 3609. In one embodiment, the simulation identifier may
identify a set of simulated market scenarios to utilize to
calculate asset return metrics data. See FIGS. 2A-B and FIG.
4 for additional details regarding the ML.SSP component,
which may be used to generate simulated market scenarios.
In one implementation, the asset return metrics calculation
request may be parsed (e.g., using PHP commands) to
determine the simulation identifier (e.g., based on the value
of the simulation_identifier field).

[0471] A pricing date to utilize may be determined at
3613. In one embodiment, the pricing date may represent the
date for which analytics (e.g., Key Rate Durations (KRD),
Option Adjusted Spread, Muni KRDs, etc.) for the assets are
available and/or when asset simulations are calculated. In
one implementation, the asset return metrics calculation
request may be parsed (e.g., using PHP commands) to
determine the pricing date (e.g., based on the value of the
pricing_date field). In another implementation, the latest
available pricing date may be utilized.

[0472] Assets may be filtered based on available factor
exposures at 3617. In one embodiment, such filtering is a
data reduction technique utilized to reduce the number of
records used during calculations thus lowering processing
time. In one implementation, the factor exposure table (e.g.,
factor_expo table in FIG. 40) may comprise data calculated
for assets that have analytics available, while the assets table
(e.g., asset table in FIG. 40) may comprise data for the
available assets (e.g., assets in the universe of securities,
assets in the set of portfolio securities). This filtering ensures
that those assets for which factor exposures are available are
processed. In various implementations, assets may be pro-
cessed using sessions (e.g., as discussed with regard to 3633)
with each session targeting specific range of assets to be
processed. For example, if the assets are processed in 4
sessions, the first session may target the first 250K assets, the
second session may target assets from 250K to 500K, and so
on. Each session may be configured to have access to its own
set of global temporary tables that is used to store informa-
tion related to the assets the respective session is processing
(e.g., data may not be shared between sessions). Reducing
the assets to those assets that are processed by a session and
storing in a global temporary table for the session ensures
that big table joins are eliminated during the asset return
calculation process. In some implementations, the asset
return calculation process may be rerunnable, and may be
configured to ignores the assets that are already processed in
the previous run. For example, the assets may be filtered
based on available factor exposures via an Oracle RDS on
Cloud database command similar to the following:

[0473] In the query below, the factor exposure is
reduced to the assets being targeted in the session and
further reduced to ignore assets that are already pro-
cessed if the asset return calculation process is rerun.

INSERT INTO <db-schema>.global_asset_list
SELECT DISTINCT fe.asset_id
FROM
(SELECT DISTINCT asset_id FROM <db-schema>.factor_expo
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WHERE pricing_dt = lc_truncatedPricingDate
ORDER BY asset_id offset p_offset ROWS
FETCH NEXT p_rangeVal ROWS ONLY) fe
LEFT OUTER JOIN
(SELECT DISTINCT asset_id FROM <db-schema>.asset_sim_wide am
WHERE am.pricing dt = lc_truncatedPricingDate) asw
ON (fe.asset_id = asw.asset_id)
WHERE asw.asset_id IS NULL;

[0474] Factor simulations may be filtered based on the
filtered assets at 3621. In one embodiment, such filtering is
a data reduction technique utilized to reduce the number of
records used during calculations thus lowering processing
time. In one implementation, the factor simulations table
(e.g., factor_sim table in FIG. 40) may comprise simulated
returns for market factors (e.g., 40+ factors which is around
300K records). This filtering determines a set of market
factors to which the filtered assets have exposure (e.g., this
reduces the number of factor simulation records that are
loaded by 50%, to around 150K records, and/or reduces the
JOIN for further processing). In some implementations, a
factor simulation may contain factor simulation data for
multiple simulations with multiple simulation dates. Filter-
ing the table to include targeted simulation ids reduces the
number of records that are utilized for calculations. Each
asset may have exposure to certain factors and using the
factors that the targeted assets have exposure to can further
reduce the size of the factor simulation table that is pro-
cessed. For example, for 250K assets, the unique factors that
these assets have access to may be 10 instead of 40+ factors
for which factor simulations are available. Reducing the
factor simulation to include factor simulations for fewer
factors reduce the number of records. Also, storing the data
in temporary table instead of using the main table reduces
the need to filter data during calculations. For example, the
factor simulations may be filtered based on the filtered assets
via an Oracle RDS on Cloud database command similar to
the following:

WHERE product_name != 'Municipal’

UNION ALL

SELECT cusip as asset_id, 81 as factor_id, 1/2 *
security_master.option_adjusted_convexity / 10000 as exposure

FROM security_master

WHERE product_name = 'Municipal’

[0476] The factor simulations table may be augmented by
inserting the square of the change in yield (e.g., using the
average return of different key rates as the proxy for the
change in yield) as (e.g., two) new market factors (e.g., id 80
for Treasury curves, id 81 for muni curves) for each simu-
lation and each market scenario. For example, the factor
simulations table may be augmented via an Oracle RDS on
Cloud database command similar to the following:

/*
Treasury curves 3M, 6M, 1Y, 2Y, 3Y, 5Y, 7Y, 10Y, 20Y, 30Y
Muni curves 2Y, 5Y, 10Y, 20Y
*/
with oac_factor as
(
select fs.sim_id, fs.market_id, power(avg(fs.return), 2) as return,
case when f.type = 'Treasury Curves' then 80
when f.type = 'Muni Curves' then 81
end as factor_id
from factor_sim fs, factor £
where fs.factor_id = fiid
and fs.factor_id in
(select f.id from factor f where fitype = 'Treasury Curves' or fitype =
‘Muni Curves')
group by fs.sim_id, fitype, fs.market_id
order by fs.market_id
)
select distinet fs.sim_id, fs.market_id, fs.bucket_id, oo.factor_id, oo.return
from oac_factor oo, factor_sim fs
where oo.sim_id=fs.sim_id
and oo.market_id=fs.market_id
order by sim_id, market_id

INSERT INTO <db-schema>.mglobal_factor_sim_tmp

SELECT *

FROM <db-schema>.factor_sim fs

WHERE fs.sim_id IN (p_simIdQuarterly, p_simIdBiAnnually, p_simIdYearly)

AND fs.factor_id IN ( SELECT DISTINCT factor_id FROM <db-schema>.factor_expo fe

INNER JOIN <db-schema>.global_asset_list gal
ON fe.asset_id = gal.asset_id
WHERE fe.pricing_dt = lc_truncatedPricingDate )

[0475] Insome implementations, the factor exposure table
and the factor simulations table may be augmented to
integrate the impact of convexity in asset simulation. The
convexity metric (e.g., option adjusted convexity) may be
obtained from Sentinel’s security_master table. The factor
exposure table may be augmented by inserting convexity as
(e.g., two) new market factors (e.g., id 80 for non-muni
instruments, id 81 for muni instruments). For example, the
exposure table may be augmented via an Oracle RDS on
Cloud database command similar to the following:

SELECT cusip as asset_id, 80 as factor_id, 1/2 *
security_master.option_adjusted_convexity / 10000 as exposure
FROM security_master

[0477] Factor exposures may be filtered based on the
filtered assets and/or the pricing date at 3625. In one
embodiment, such filtering is a data reduction technique
utilized to reduce the number of records used during calcu-
lations thus lowering processing time. In one implementa-
tion, the factor exposure table may store factor exposures for
assets for multiple pricing dates (e.g., for the last three
runs/dates). This filtering determines a set of factor exposure
records for the pricing date (e.g., for the current pricing date
and filters out records for older pricing dates) that are
associated with the filtered assets (e.g., assets for which
factor exposures are available). For example, the factor
exposures may be filtered based on the filtered assets and/or
the pricing date via an Oracle RDS on Cloud database
command similar to the following:
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INSERT INTO <db-schema>.mglobal_factor_expo_tmp
SELECT fe.*
FROM <db-schema>.factor_expo fe
INNER JOIN <db-schema>.global_asset_list gal
ON fe.asset_id = gal.asset_id
WHERE fe.pricing_dt = lc_truncatedPricingDate;

[0478] Call and/or put schedules may be filtered based on
the filtered assets at 3629. In one embodiment, such filtering
is a data reduction technique utilized to reduce the number
of records used during calculations thus lowering processing
time. In one implementation, the call schedule table (e.g.,
call_schedule table in FIG. 40) and/or the put schedule table
(e.g., put_schedule table in FIG. 40) may comprise call
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and/or put prices for the available assets (e.g., assets in the
universe of securities, assets in the set of portfolio securi-
ties). This filtering determines a set of call and/or put
schedule records that are associated with the filtered assets
(e.g., assets for which factor exposures are available). For
example, the call and/or put schedules may be filtered based
on the filtered assets via an Oracle RDS on Cloud database
command similar to the following:

[0479] The query below is separated out into two parts.
The first part focuses on getting the call and put price
based on different horizons and call date. The second
part focuses on calculating the call and put returns
which will result in defining the lower cap of the
simulated returns.

INSERT /*+ APPEND PARALLEL(R) */
INTO <db-schema>.mglobal_call_schedule_tmp

SELECT
nvl(call_price_ly.cusp_n,put_price_ly.cusp_n) AS cusp_n,
call_price_ly.red_price_a c_prc_ly,
put_price_ly.red_price_a p_prc_ly,
least(nvl(call_price_ly.red_eff d,'31-DEC-
2099")nvl(put_price_ly.red_eff d,31-DEC-2099") ) red_eff d

FROM

OVER(

SELECT cusp_n, red_eff d, red_price_a
FROM

SELECT cusp_n, red_eff d, red_price_a, ROW_NUMBER( )

PARTITION BY cusp_n
ORDER BY
red_eff d
) rownumber
FROM

SELECT cusp_n, red_eff_ d, red_price_a
FROM
<db-schema>.call_schedule
WHERE
red_eff d > lc_truncatedPricingDate
AND ( ( red_eff d -

le_truncatedPricingDate ) / 365 < 1)

SELECT

)
)

WHERE

rownumber = 1

) call_price_ly
FULL OUTER JOIN (
<query put_schedule table>
) put_price_ly ON call_price_ly.cusp_n = put_price_ly.cusp_n;
INSERT /*+ APPEND PARALLEL(8) */
INTO <db-schema>.global_call_put_prices

/*+ full(asim) full(sm) full(cs) parallel(asim &) parallel(sm 8) parallel(cs 8) */

b.asset_id asset_id,

b.put_price_factor_ly,

b.call_price_factor_ly,

b.yield_to_worst_rate_factor * LEAST(lv_horizonQuarterly, b.maturity_factor)
quarterly_horizon_factor,

b.yield_to_worst_rate_factor * LEAST(lv_horizonBiAnnually, b.maturity_factor)
biannual_horizon_factor,

b.yield_to_worst_rate_factor * LEAST(lv_horizonYearly, b.maturity_factor)
yearly_horizon_factor

FROM

(SELECT sm.cusp_n asset_id,

NVL( (cs.p_prc_ly

/ sm.cls_prc — 1) *

Iv_callPricePutPriceMultiplicationFactor,—lv_putCallMaxValue) put_price_factor_ly,

NVL( (cs.c_prc_ly

/ sm.cls_prc — 1) *

Iv_callPricePutPriceMultiplicationFactor, lv_putCallMaxValue) call_price_factor_ly,

LEAST( ( (sm.mty_d

- lc_truncatedPricingDate ) / 365), NVL( ( (cs.red_eff d

-le_truncatedPricingDate)/ 365), Iv_putCallMaxValue) ) maturity_factor,
sm.calc_yld_to_wrst_rte * 100 yield_to_worst_rate_factor
FROM <db-schema>.mglobal_security_master_tmp sm
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LEFT JOIN <db-schema>.mglobal_call_schedule_tmp cs
ON sm.cusp_n = cs.cusp_n) b;

[0480] The number of sessions to utilize for calculating
asset return metrics data may be determined at 3633. In one
embodiment, asset return metrics data may be calculated
using parallel queries with a specified degree of parallelism.
Accordingly, each parallel query may be processed using a
number of query server processes corresponding to the
specified degree of parallelism. In various implementations,
the degree of parallelism for a parallel query may be
specified at the statement level, at the session level, at the
table level, at the index level, and/or the like. For example,
a parallel query may specify that 8 query server processes
should be used for processing the parallel query. In one
implementation, the number of sessions to utilize may be
determined based on available server resources to maintain
a consistent degree of parallelism by creating a balance
between sessions and parallel query server processes (e.g.,
threads). For example, for a server having 32 processors
(e.g., CPUs, physical cores, virtual cores), 4 sessions may be
utilized (e.g., determined by dividing the number of avail-
able processors by the specified degree of parallelism). Each
session may be utilized for calculating asset return metrics
data as discussed with regard to 3637-3693.

[0481] An assets range for a session may be determined at
3637. In one embodiment, an assets range for a session may
refer to the set of assets to be processed by the session. In
one implementation, the assets range for the session may be
determined by dividing the filtered assets based on the
number of sessions. For example, if there are in total 800K
filtered assets for which asset return metrics data should be
calculated, the filtered assets may be divided into 4 sets of
assets each targeting 200K unique assets, and the session
may be assigned 1 of the 4 sets of assets as the session’s
session assets.

In another implementation, the batch size may depend on the
number of assets that remain to be analyzed. For example,
if 300 assets remain to be analyzed, then the batch size may
be 300 assets instead of 1000 assets.

[0483] A temporary table of session assets of the deter-
mined batch size may be created at 3649. In one implemen-
tation, a session assets batch of the determined batch size
may be selected from the session assets that remain to be
analyzed. For example, the temporary table comprising the
session assets batch may be created via an Oracle RDS on
Cloud database command similar to the following:

INSERT INTO <db-schema>.global_asset_id_distinct_tmp
SELECT asset_id
FROM <db-schema>.global_asset_list
ORDER BY asset_id ASC offset Iv_startIndex ROWS
FETCH NEXT lv_loopIncrement ROWS ONLY;

[0484] A temporary table of factor simulations for the
session assets batch may be created at 3653. In one imple-
mentation, the temporary table of factor simulations may be
created by transposing factor simulations to store factor
simulations for simulation ids representing different time
horizons (e.g., this may reduce the number of records in the
join as data related to different simulations are available in
columns, making the expected returns calculation as dis-
cussed with regard to 3661 three times faster). For example,
the temporary table of factor simulations for the session
assets batch may be created via an Oracle RDS on Cloud
database command similar to the following:

INSERT INTO pfimofrdbo.global_factor_sim_tmp

SELECT *

FROM

(SELECT fs2.market_id,
fs2.factor_id,
fs2.sim_id AS sim_id,
fs2.return AS RETURN

FROM

(SELECT fs.* FROM <db-schema>.mglobal factor_sim_tmp fs
WHERE fs.factor_id IN
(SELECT DISTINCT factor_id FROM <db-schema>.global_factor_expo_tmp)

) fs2

WHERE fs2.sim_id IN (p_simIdQuarterly, p_simIdBiAnnually, p_simIdYearly)
) PIVOT (SUM(RETURN) FOR (sim_id) IN (20 AS return_quarterly, 21 AS
return_biannual, 22 return_yearly));

[0482] A determination may be made at 3641 whether
there remain session assets to analyze. In one implementa-
tion, each of the session’s session assets may be analyzed. If
there remain session assets to analyze, a batch size to utilize
may be determined at 3645. In one implementation, the
batch size may be specified in a configuration setting. For
example, the batch size may be configured to be 1000 assets.

[0485] A temporary table of factor exposures for the
session assets batch may be created at 3657. In one imple-
mentation, the temporary table of factor exposures may be
created by selecting filtered factor exposures for the session
assets batch. For example, the temporary table of factor
exposures for the session assets batch may be created via an
Oracle RDS on Cloud database command similar to the
following:
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INSERT INTO <db-schema>.global_factor_expo_tmp
SELECT fe.*
FROM <db-schema>.mglobal_factor_expo_tmp fe
JOIN <db-schema>.global_asset_id_distinct_tmp age
ON fe.asset_id = age.asset_id
WHERE fe.pricing dt = lc_truncatedPricingDate;

[0486] Expected returns for the session assets batch may
be calculated via parallel execution (e.g., via a parallel
query) at 3661. In one implementation, the expected returns
for the session assets batch may be calculated as the sum
product of the factor exposures for the session assets batch
and the simulated returns of filtered factor simulations for
the session assets batch. For example, the expected returns
for the session assets batch may be calculated via parallel
execution via an Oracle RDS on Cloud database command
similar to the following:

SELECT
%+ full(f) full(e) parallel(f 8) parallel(e 8) */
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lower bound of the simulated asset return. For example, the
call/put option schedules (e.g., including redemption dates
and prices) may be obtained from Sentinel’s call_schedule/
put_schedule tables via an Oracle RDS on Cloud database
command similar to the following:

SELECT asl.pricing dt, asl.sim_id, asl.asset_id, asl.market_id,
greatest(least(asl.simulated_return, (cs.next_call_price/
sm.current_instrument_price — 1) * 10000), (ps.next_put_price/
sm.current_instrument_price — 1) * 10000)

FROM asset_sim asl, security_master sm, call_schedule cs, put_schedule

s
%VHERE asl.asset_id = sm.cusip

AND asl.asset_id = cs.cusip

AND asl.asset_id = ps.cusip

AND cs.earliest_next_call_date <= asl.investment_horizon
AND ps.earliest_next_put_date <= asl.investment horizon

For example, the expected returns for the session assets
batch may be adjusted based on call and/or put schedules via
parallel execution via an Oracle RDS on Cloud database
command similar to the following:

SELECT

/*+ full(asim) full(sep) parallel(asim 8) parallel(scp 8) */
asim.asset_id,

asim.market_id,

GREATEST(GREATEST (scp.put_price_factor_3m, LEAST(asim.return_quarterly,
scp.call_price_factor 3m ) ) + scp.quarterly_horizon_factor, —~10000) return_quarterly,

GREATEST(GREATEST (scp.put_price_factor_6m, LEAST(asim.return_biannual,
scp.call_price_factor_6m ) ) + scp.biannual_horizon_factor, —~10000) return_biannual,

GREATEST(GREATEST (scp.put_price_factor 1y, LEAST(asim.return_yearly,
scp.call_price_factor_ly ) ) + scp.yearly_horizon_factor, —10000) return_yearly

FROM
(SELECT

%+ full(f) full(e) parallel(f 8) parallel(e 8) */
e.asset_id asset_id,

f.market_id,

... <complete query from 0391>

) asim
JOIN <db-schema>.global_call_put_prices scp
ON scp.asset_id = asim.asset_id;

-continued

e.asset_id asset_id,
f.market_id,
SUM(e.exposure * freturn_quarterly) return_quarterly,
SUM(e.exposure * freturn_biannual) return_biannual,
SUM(e.exposure * freturn_yearly) return_yearly
FROM <db-schema>.global_factor_sim_tmp f
JOIN <db-schema>.global_factor_expo_tmp e
ON (f.factor_id = e.factor_id)
GROUP BY e.asset_id,
f.market_id

[0487] The expected returns for the session assets batch
may be adjusted based on call and/or put schedules via
parallel execution (e.g., via a parallel query) at 3665. In one
implementation, if an asset has an embedded call option
redeemable within the investment horizon, the return from
exercising the call option may be set as the upper bound of
the simulated asset return, and/or if an asset has an embed-
ded put option redeemable within the investment horizon,
the return from exercising the put option may be set as the

[0488]
may be transposed into array format at 3669. In one embodi-

The expected returns for the session assets batch

ment, the wide array format may facilitate improved per-
formance when calculating portfolio level return metrics.
For example, the expected returns for the session assets
batch may be transposed into array format via an Oracle
RDS on Cloud database command similar to the following:

[0489]
used to store an array of decimal values. Each decimal

Custom data type asset_sim_return_data_type is

value is split into two parts (e.g., X.Y where X repre-
sents the CVaR value and Y represents the market id).
Storing both CVaR metric and the associated market id
allows storing data in one variable instead of two thus
saving storage. This also allows parallel execution of
collecting returns in the array format and maintaining
the market ids for which each of the returns are
associated with.
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SELECT
/*+ full(asim) parallel(asim 8) */
asim.asset_id,
le_truncatedPricingDate AS pricing_dt,

CAST ( COLLECT( TO_BINARY_DOUBLE(TRUNC (asim.return_quarterly) +

SIGN(asim.return_quarterly)* ((asim.market_id*10) +1 )/1000000 )) AS
ASSET_SIM_RETURN_DATA_TYPE) return_quarterly,

CAST ( COLLECT( TO_BINARY_DOUBLE(TRUNC (asim.return_biannual) +

SIGN(asim.return_biannual)* ((asim.market_id*10) +1 )/1000000 )) AS
ASSET_SIM_RETURN_DATA_TYPE) return_biannual,

CAST ( COLLECT( TO_BINARY_DOUBLE(TRUNC (asim.return_yearly) +

SIGN(asim.return_yearly)* ((asim.market id*10) +1 /1000000 ) )AS
ASSET_SIM_RETURN_DATA_TYPE) return_yearly

FROM <db-schema>.global_asset_sim_tmp asim

GROUP BY asim.asset_id

) UNPIVOT (RETURN FOR sim_id IN (return_quarterly AS 20, return_biannual AS 21,

return_yearly AS 22)

[0490] The transposed expected returns for the session
assets batch may be written to the asset simulation wide
table via parallel execution (e.g., via a parallel query) at
3673. In one implementation, the asset simulation wide table
(e.g., asset_sim_wide table in FIG. 40) may be written to in
parallel by query server processes from the utilized sessions
(e.g., by up to 32 query server processes when utilizing 4
sessions with degree of parallelism of 8). For example, the
transposed expected returns for the session assets batch may
be written to the asset simulation wide table via parallel
execution via an Oracle RDS on Cloud database command
similar to the following:

for a single horizon. Similar queries may be run for
bi-annual and annual horizons. lc_truncatedPricing-
Date holds the pricing date for which the batch is run,
Iv_marketCount holds the number of markets used for
simulations and 1lv_marketPercentageForCvar holds
the percentage value used for calculating the CVaR
(e.g., average of the worst 5% returns).

SELECT
/*+ parallel(8) */

INSERT INTO <db-schema>.asset_sim_wide
/*+ parallel(8) NO_GATHER_OPTIMIZER_STATISTICS */
SELECT *
FROM
(SELECT

/*+ full(asim) parallel(asim 8) */

asim.asset_id,

le_truncatedPricingDate AS pricing dt,

CAST ( COLLECT( TO_BINARY_DOUBLE(TRUNC (asim.return_quarterly)+

. <complete query from 3669>

[0491] A determination may be made at 3677 whether
there remain asset return metrics to calculate for the session
assets batch. In one implementation, each of the asset return
metrics (e.g., requested asset return metrics specified in the
asset return metrics calculation request, default asset return
metrics specified in a configuration setting) may be calcu-
lated. If there remain asset return metrics to calculate, the
next asset return metric may be selected at 3681. For
example, asset return metrics may include a security’s
expected return, worst returns (CVaR), return volatility,
and/or the like.
[0492] The selected asset return metric for the session
assets batch may be calculated via parallel execution (e.g.,
via a parallel query) at 3685. For example, the average of 5%
worst returns may be calculated for the CVaR asset return
metric. In one implementation, the selected asset return
metric for the session assets batch may be calculated in
accordance with an applicable formula for the selected asset
return metric. For example, the selected asset return metric
(e.g., CVaR) for the session assets batch may be calculated
via parallel execution via an Oracle RDS on Cloud database
command similar to the following:
[0493] The query below shows how CVaR measure is
calculated in parallel based on available asset returns

-continued

le_truncatedPricingDate pricing dt,
asim.asset_id,
p_simIdQuarterly,
'CVAR' measure_name,
NULL AS factor_id,
NULL AS market_id,
AVG(asim.return_quarterly) measure_value
FROM
(SELECT *
FROM
(SELECT asim.asset_id,
asim.return_quarterly,
ROW_NUMBER( ) OVER( PARTITION BY asim.asset_id
ORDER BY asim.return_quarterly ) tk
FROM <db-schema>.global_asset_sim_tmp asim
) asim
WHERE rk <= Iv_marketPercentageForCvar * lv_marketCount
) asim
GROUP BY asim.asset_id;

[0494] The selected asset return metric for the session
assets batch may be written to the asset measure table via
parallel execution (e.g., via a parallel query) at 3689. In one
implementation, the asset measure table (e.g., asset_measure
table in FIG. 40) may be written to in parallel by query
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server processes from the utilized sessions (e.g., by up to 32
query server processes when utilizing 4 sessions with degree
of parallelism of 8). For example, the selected asset return
metric (e.g., CVaR) for the session assets batch may be
written to the asset measure table via parallel execution via
an Oracle RDS on Cloud database command similar to the
following:

INSERT INTO <db-schema>.asset_measure
/*+ parallel(8) NO_GATHER_OPTIMIZER_STATISTICS */
SELECT
/*+ parallel(8) */
le_truncatedPricingDate pricing_dt,
asim.asset_id,
p_simIdQuarterly,
'CVAR' measure name,
... <complete query from 3685>

[0495] The temporary tables created for the session assets
batch may be cleared at 3693. In one embodiment, the
temporary tables created for the session assets batch may be
cleared to reduce temporary storage utilization. For
example, the temporary tables created for the session assets
batch may be cleared via an Oracle RDS on Cloud database
command similar to the following:

EXECUTE IMMEDIATE 'TRUNCATE TABLE
<db-schema>.global_asset_id_distinct_tmp DROP STORAGE;
EXECUTE IMMEDIATE 'TRUNCATE TABLE
<db-schema>.global_factor_expo_tmp DROP STORAGE';
EXECUTE IMMEDIATE 'TRUNCATE TABLE
<db-schema>.global_factor_sim_tmp DROP STORAGE';
EXECUTE IMMEDIATE 'TRUNCATE TABLE
<db-schema>.global_asset_sim_tmp DROP STORAGE';

[0496] Asset return metrics data from the asset simulation
wide table and/or the asset measure table may be provided
to the requesting application at 3697. In one implementation,
the asset return metrics data may be provided via an asset
return metrics calculation response. In some implementa-
tions, global temporary tables may be cleaned up using Data
Definition Language (DDL) statements for faster execution.
[0497] FIG. 37 shows an architecture for the MLPO. In
FIG. 37, an embodiment of how the database calculation
engine 3701 may be utilized to facilitate generation of a
portfolio returns visualization (e.g., for constructing an
optimized bond ladder portfolio) is illustrated.

[0498] FIG. 38 shows an architecture for the MLPO. In
FIG. 38, an embodiment of how the factor exposure table
may be generated using parallel processing (e.g., via a
parallel query) is illustrated. For example, the factor expo-
sure table may be generated via parallel execution via an
Oracle RDS on Cloud database command similar to the
following:

INSERT INTO Factor Expo /*+ parallel(8)
NO_GATHER_OPTIMIZER_STATISTICS */
SELECT /*+ full(a) parallel(a 8) */
case b.factor_id
when 50 then -- exposure for muni 2Y
when 55 then -- exposure for muni 5Y
when 280 then - dimension reduction using median OAS

end
FROM INST_REF_ANALYTICS_TEMP a
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INNER JOIN SECURITYTYPE _FACTOR_TEMP b
on a.product_type = b.product_type

[0499] FIG. 39 shows an architecture for the MLPO. In
FIG. 39, an embodiment of an asset return metric calculation
process that may be utilized to facilitate operation of the
database calculation engine is illustrated. For example, the
asset return metric calculation process may be implemented
via pseudocode similar to the following:

Asset Return Metric Calculation Process Pseudocode
GET Input of range of assets to run for the sessions
CLEAR all temporary tables
FIND target assets based on filter criteria/input
POPULATE temporary table with factor sims for target assets
POPULATE temporary table with factor exposure for target assets
SET no-of-target-assets to total number of target assets to be processed
WHILE no-of-target-assets > 0
FETCH next 1000 assets from target assets
POPULATE temporary factor sim with factors for 1K assets
POPULATE temporary factor expo for 1K assets
CALCULATE asset sims i.e. sum product of factor_sim and factor_
expo
for 1K assets (parallel execution)
TRANSPOSE asset sims in wide format by converting market returns
into array format for 1K assets
SAVE asset sims to table (parallel execution)
CALCULATE CVAR in parallel for 1K assets
SAVE CVAR to asset measure table (parallel execution)
CLEAR temporary tables
ADJUST no-of-target-assets with number of records processed i.e.
no-of-target-assets = no-of-target-assets — 1000
CONTINUE LOOP

[0500] FIG. 40 shows an architecture for the MLPO. In
FIG. 40, an entity relationship diagram describing embodi-
ments of a database with a set of database tables that may be
utilized to facilitate operation of the database calculation
engine is illustrated.

[0501] FIG. 41 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 41, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4101 shows that a user may utilize a positions tab 4105 to
specify a universe of investment securities. The user may
utilize a set of strategy setting widgets 4110 to specify an
investment amount, a time horizon, a rung interval, a tax
rate, a yield maximization method, and/or the like. The user
may utilize a set of security selection widgets 4115 to
specify a tax status, a set of products (e.g., one or more of
municipal, corporate, treasury, etc.), a state, a callable set-
ting, a minimum credit rating, whether to include non-rated
bonds, a maximum security exposure, and/or the like. The
user may utilize a construct portfolio widget 4120 to initiate
the creation of the optimized bond ladder portfolio.

[0502] FIG. 42 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 42, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4201 shows that the user may utilize a positions tab 4205 to
view proposed positions of the optimized bond ladder port-
folio for corporate product type. The user may utilize a set
of proposed positions widgets 4210 to view information
regarding bond ladder rungs and/or regarding individual
investment securities in each rung.
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[0503] FIG. 43 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 43, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4301 shows that the user may utilize a positions tab 4305 to
view proposed positions of the optimized bond ladder port-
folio for municipal product type. The user may utilize a set
of proposed positions widgets 4310 to view information
regarding bond ladder rungs and/or regarding individual
investment securities in each rung.

[0504] FIG. 44 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 44, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4401 shows that the user may utilize a positions tab 4405 to
view proposed positions of the optimized bond ladder port-
folio for treasury product type. The user may utilize a set of
proposed positions widgets 4410 to view information
regarding bond ladder rungs and/or regarding individual
investment securities in each rung.

[0505] FIG. 45 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 45, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4501 shows that the user may utilize a portfolio analysis tab
4505 to view portfolio characteristics of the optimized bond
ladder portfolio with no risk score adjustment. The user may
utilize a set of portfolio characteristics widgets 4510 to view
information regarding the various portfolio characteristics.
[0506] FIG. 46 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 46, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4601 shows that the user may utilize a portfolio analysis tab
4605 to view portfolio characteristics of the optimized bond
ladder portfolio with risk score adjustment. The user may
utilize a set of portfolio characteristics widgets 4610 to view
information regarding the various portfolio characteristics.
[0507] FIG. 47 shows a screenshot illustrating user inter-
face(s) of the MLPO. In FIG. 47, an exemplary user inter-
face (e.g., for a mobile device, for a website) for construct-
ing an optimized bond ladder portfolio is illustrated. Screen
4701 shows that the user may view information regarding
market sensitivity of the optimized bond ladder portfolio.
The user may utilize a set of market sensitivity widgets 4705
to view information regarding market sensitivity of the
optimized bond ladder portfolio for overall market sce-
narios, for specified predefined scenarios, for specified busi-
ness cycles, and/or the like over various time horizons.

ADDITIONAL ALTERNATIVE EMBODIMENT
EXAMPLES

[0508] The following alternative example embodiments
provide a number of variations of some of the core principles
already discussed for expanded color on the abilities of the
MLPO.

[0509] FIG. 31 shows an architecture for the MLPO. In
FIG. 31, an embodiment of an AWS architecture that may be
utilized to facilitate MLPO (also referred to as ATIM in the
figure) operation is illustrated.

[0510] FIG. 32 shows an architecture for the MLPO. In
FIG. 32, an embodiment of an AWS architecture that may be
utilized to facilitate MLPO (also referred to as ATIM in the
figure) simulation calculation workflow is illustrated.
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[0511] FIGS. 33A-B show an architecture for the MLPO.
In FIGS. 33A-B, entity relationship diagrams describing
embodiments of a database with a set of database tables that
may be utilized to facilitate MLLPO operation are illustrated.
[0512] FIG. 48 shows an architecture for the MLPO. In
FIG. 48, an embodiment of a bond ladder construction
process that may utilize asset return metric data (e.g., CVaR
in the asset measure table) provided by the database calcu-
lation engine is illustrated.

[0513] Enabling Unprecedented Market Stress Scenarios
to be Generated Following the Observed Unprecedentedness
Pattern from History

[0514] The unprecedentedness of a historical scenario is
described as the number of A factors that take unprecedented
values compared to historical scenarios prior to that date.
The plot in FIG. 65 visualizes the relationship between
AVIX and historical unprecedentedness. In this example, a
degree 2 polynomial is used to represent the relationship
because as AVIX becomes more extreme in both ends,
greater number of A factors taking unprecedented values are
expected to show up. The fitted degree 2 polynomial curve
is the historical unprecedentedness curve.

[0515] As shown in FIG. 65, a large VIX change comes
with unseen changes in market risk factors.

[0516] The unprecedentedness of a transfer-layer VAE
simulated scenario is described to be the number of A factors
that take unprecedented values compared to historical sce-
narios. The plot in FIG. 66 shows that simulation output
from transfer-layer VAE fails to reflect the relation shown
above, with almost all scenarios having 0 unprecedented-
ness. The reason is that VAE restores the historical scenarios
very well so it is not surprising we are unable to see more
extreme A factors values.

[0517] As shown in FIG. 66, a Deep Learning Model
captures each factor’s history closely but neglects other
factors’ related new extremes.

[0518] Following what has been done to calculate VAE
unprecedentedness, we can apply it to panic simulated
market scenarios. The goal is to make the relationship
between AVIX and stress sim unprecedentedness to look
alike to the relationship in historical unprecedentedness
section. The approach is to find the mean squared error
between the unprecedentedness curves. See FIGS. 68, 69,
and 70.

[0519] For example, as shown in FIG. 67, by selecting
historical scenarios with either AVIX<-1000 or AVIX>3062
to compute mean and covariance and then fit a multivariate
normal distribution and sample the same number of sce-
narios as in history, the relationship fitted from simulated
scenarios will be alike to the historical.

[0520] A component of the market scenario simulation is
a deep learning model, variational autoencoder. To take
advantage of the cloud compute power, in one implemen-
tation, a machine learning service, SageMaker, may be used
in AWS. SageMaker is a fully managed service that provides
an efficient way for developers and data scientists to col-
laborate together to build, train, tune, and deploy models in
a machine learning pipeline. With SageMaker, the model
training and tuning process can be conveniently run in a
parallel and distributed way on multiple instances and
multiple GPUs. In addition, the one-click deployment fea-
ture of SageMaker significantly reduces the effort to deploy
a machine learning model. For example, with the parallel
computing architecture using SageMaker, the training time
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of multiple models may be reduced to 2 minutes in total,
while training multiple models sequentially with single
instance and single CPU takes 45 minutes, as shown in FIG.
72.

[0521] Simulating Mutual Fund and ETF Asset Returns

[0522] The Mutual Fund and ETF returns simulation
model employs a set of machine learning techniques to
estimate 3-month, 6-month and 1-year returns under simu-
lated market scenarios while allowing for domain experts to
incorporate their subjective views. FIG. 49 illustrates the
overall model architecture. In one implementation, parallel
computing may be used to implement training and deploy-
ment of a unique model for each mutual fund or ETF. As
FIG. 50 demonstrates, the process of loading data from
database tables, performing feature engineering, training
model and writing results to database may be distributed to
multiple processors and conducted simultaneously. FIG. 51
summarizes the database tables containing model input and
output. For each fund or ETF, the returns during specified
investment horizons are aggregated geometrically from
daily returns. Domain experts have the option of specifying
a pool of potential market factors to be considered by the
feature selection procedure for a particular fund or ETF. If
no factors are specified by experts, available market factors
will be considered. To select the set of market factors that
contribute the most to overall model performance and miti-
gate the problem of multicollinearity, a proprietary feature
selection procedure is designed to utilize XGBoost to rank
the feature importance levels of available market factors,
and feed the factors with positive importance scores to a
customized forward selection process, which selects a set of
factors that maximizes the model’s adjusted R-squared as
well as restrains model coeflicients from changing signs (see
FIG. 52). Subsequently, a Ridge Regression model is trained
to learn the relationship between a fund’s or ETF’s historical
returns and those of the selected set of market factors using
75% of historical data points, is validated using the remain-
ing 25% of historical data points based on a number of
metrics, including out-of-sample adjusted R-squared, effect
size of residual distribution, residual correlation, etc., and is
utilized to estimates its returns under stimulated market
environments. FIG. 53 illustrates the market risk factor
exposures based on the regression models as presented in the
UI. To account for a fund or ETF’s active risk not captured
by common market factors, regression residuals from the
model validation stage are randomly sampled and added to
the simulated fund or ETF returns. Lastly, the estimated
returns may be calibrated to reflect capital market assump-
tions provided by economists. FIGS. 54 and 55 present the
distributions of simulated returns under user-defined market
scenarios and different business cycles, respectively.
[0523] Simulating Equity Asset Returns

[0524] Individual Equity returns for different time hori-
zons are aggregated geometrically with daily return, which
is adjusted for corporate actions such as stock split and
dividend. Daily return may be used instead of price because
price can have huge jump caused by corporate actions.
Feature selection may be utilized before model training. It
uses an XGBoost model to select a subset of features that
contribute to positive gain in feature importance ranking and
then feeds these selected features to a forward selection
process, which further extracts features that improve
adjusted R square (see FIG. 56). Both Ridge regression (e.g.,
used in forward selection with adjusted R square) and
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XGBoost regression at the last step deal with multi-col-
linearity problem. Based on the CAPM model, an asset’s
risk has 2 components: one is market risk driven, one is
idiosyncratic risk driven. Building the 2 parts separately
allows models to better capture the behavior of different risk
components. Intuition for conditional beta modeling is that
based on historical observation, equities’ correlation to
market index can vary under different market scenarios, and
correlation from different equities can also vary. Conditional
beta model captures individual equity’s sensitivity to market
index across the simulated market scenarios and formulates
the market risk driven part. Intuition for idiosyncratic risk
modeling is that based on historical observation, beta risk
from broad market index partially explains an equity’s total
return, and the other key part is company specific risk, which
in this case is revealed from company financials data and
default probability. Combining conditional beta model and
idiosyncratic risk model, a more comprehensive total risk
simulation is generated matching the CAPM’s explanation.
During training phase, realized beta is calculated using
linear regression of individual equity’s return series against
market index’s return series for a selected time horizon.
Modeling for 3M, 6M, and 12M are separated since market
scenario simulation and financials factors capture their own
dependencies under different time horizons. To account for
residual analysis, a few validations were done. 1. Effective
size (Cohen’s D measure) was close to zero. 2. Residual
correlation to target variable was close to zero. 3. Residual
was unbiased. Residuals are stored during training phase,
randomly sampled during scoring phase, and added to
simulated conditional beta to better capture market driven
risk. Conditional beta modeling uses broad common market
risk factors as features, including macro factors, equity
indices, and smart beta factors. To simulate individual
equity’s conditional beta against market index, simulated
market scenarios are used. Conditional beta modeling may
be implemented with parallel computing on EMR notebook,
which uses AWS cloud environment and utilizes clusters to
do the training. Generated models for each individual equity
may be directly written into a Postgres database in binary
format through a driver (see FIG. 62). Company specific
returns are modeled with feature importance weighted his-
torical sampling. During model training phase, feature
importance is stored. During scoring phase, if a simulated
market scenario can be mapped to individual equity’s exist-
ing historical scenario, then the excess return over market
index for this specific historical scenario is used. Otherwise,
a Euclidian distance is calculated weighted by feature
importance from selected risk features, and excess return
over market index for the closest historical scenario is used.
Total return is calculated combining beta return and idio-
syncratic return. Simulated returns for each equity are stored
in an array format in Postgres table.

[0525] EMR Notebook is used in simulating asset returns
concurrently on Cloud Technology platform for mutual
funds, ETFs, equities and fixed income instruments. In
Financial Services Industry, as data sets grow rapidly and
complexly, the data transformation, data storage, and the
users’ real-time operations end up with a huge burden. Big
data frameworks may be employed to support the data
process and storage, and they allow the data to be generated
and stored in a parallel and distributed way. Spark and
Hadoop are examples of compute engines for big data that
may be utilized. The principle of the compute engine in



US 2022/0101438 Al

Spark is to analyze computation tasks and optimize the
workflow of the data processing before actually executing
the code. Spark may utilize Directed Acyclic Graph (DAG)
optimizations and in memory processing.

[0526] Spark has been integrated into many cloud ser-
vices, such as Elastic Map Reduce (EMR) provided by
Amazon Web Service (AWS). In one implementation, EMR
may be utilized to make full usage of compute power offered
by the cloud provider and save compute costs, since the
EMR runtime for Spark can be over 3 times faster than
standard Spark. Using cloud provided service may help to
improve the performance of workloads without making
extra changes to the applications.

[0527] In one implementation, in order to improve the
development efficiency, EMR Notebooks may be used along
with EMR clusters to submit Spark jobs for parallel com-
puting. EMR Notebook is a managed notebook environment
which is based on the open-source Jupyter notebook. It
supports submitting Spark code to EMR clusters through
Apache Livy.

[0528] In one implementation, the Optimizer is developed
based on parallel computation capability and advanced
numerical optimization methodologies, such as Tail Risk
Optimizer and Mean-Variance Optimizer, in order to provide
optimal portfolio within 3M, 6M and 1Y horizon and user
specified conditions. It evaluates the portfolio expected
return, portfolio volatility and portfolio drawdown,
equipped with flexible scenarios choices and business Cycle
overview.

[0529] For Tail Risk Optimizer, mixed integer program-
ming, binary integer programming and linear programming
with rounding techniques are available. CVaR-Mean frontier
can be shaped with the optimizer parallel computation
ability and then illustrate the relationship between CVaR and
expected return. Different CVaR-Mean frontier can be visu-
alized according to diversification preferences (see FIG. 71)
and market scenarios. The mixed integer programming can
offer more accurate results according to asset price and asset
tradable amount while the linear programming with round-
ing techniques guarantees faster performance on large scale
computation (See FIG. 72).

[0530] For the Mean-Variance Optimizer, the portfolio
risk is measured by covariance matrix that can be estimated
through two different methods in the tool. “Shifted Diago-
nal” method adjusts original sample covariance matrix
diagonal to decrease asset correlation influence in optimi-
zation, and “Ledoit-Wolf” method gives a robust estimation
by minimizing the quadratic loss function.

[0531] In one implementation, the optimizer attempts to
maximize the portfolio return with a risk penalty whose
value is decided by risk tolerance parameter. The O risk
tolerance will lead the optimizer to minimize the risk at all
costs and the infinity risk tolerance will maximize the return
at all costs. In the tool, the risk tolerance has been mapped
from 0 to 10 to be user friendly.

[0532] Similarly, the efficient frontier of Mean Variance
Optimizer can be presented according to investors’ prefer-
ences as well as various market scenarios. Optimal portfolio
weights may be generated varying risk aversion in the
convex optimization with user specified weights constrains
and market scenario. This set of optimal solutions the
optimizer generated would form a frontier line and the
optimal solution of current risk tolerance level would be a
big red dot on the previous frontier and should move along
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on the efficient frontier when risk tolerance parameter
changes (see FIG. 73). Thus, the change of risk tolerance
level may not change the efficient frontier shape, but the
changes of diversification and market scenarios may lead to
a reshaped efficient frontier (see FIG. 74 and FIG. 75).

[0533] Multi-Risk Factor Risk Engine and Portfolio
Aggregation Using Oracle RDS on Cloud

[0534] Using Oracle RDS on Cloud, a SQL-based solution
effectively utilizes different parallel execution techniques for
calculating simulation data. Conditional risk simulation can
now be calculated for over a million assets using a faster,
simple, cost effective and scalable solution using Oracle
RDS on Cloud in substantially less amount of time. Com-
putations happens on the database server, eliminating having
to transfer a huge set of data to external systems for
processing and therefore maximizes processing of data using
cloud computing.

[0535] The first step of the process is to calculate Factor
Exposures for available assets as shown in FIG. 76. Based
on available reference data and analytics, the spread ratio is
calculated for the available assets in parallel. The second
step is to calculate simulated returns for the available assets
as shows in FIG. 77. The process of generating simulated
asset returns may involve, getting unique list of assets for
which exposure data is available and loading the factor
exposures for assets with exposure to the factors and loading
factor simulations for those factors (see FIG. 78). The
process then splits the workload into smaller chunks with
each chunk processing a subset of the assets. The simulated
returns for the assets are then calculated, adjusted using
available call and put schedule, and written to the database
using several parallel computing techniques as listed below
(see FIG. 79).

[0536] Convexity Adjustment—To integrate the impact of
convexity in asset simulation, it may be included as an
additional term in the dot product following these steps. The
convexity metric (option adjusted convexity) is obtained
from Sentinel’s security_master table.

Step 1: Insert convexity as two new “factors” (id 80 for
non-muni instruments, 81 for muni instruments) in the
factor_expo table (see FIG. 80).

Step 2: For each simulation id and each market scenario
(market id), insert the square of the change in yield as two
new “factors” (id 80 for Treasury curves, 81 for muni
curves) in the factor_sim table. In one implementation, the
average return of different key rates may be used as the
proxy for the change in yield (see FIG. 81).

[0537] Treasury curves 3M, 6M, 1Y, 2Y, 3Y, 5Y, 7Y, 10Y,
20Y, 30Y

[0538] Muni curves 2Y, 5Y, 10Y, 20Y

[0539] Optionality Adjustment—If an instrument has an

embedded call (or put) option redeemable within the invest-
ment horizon, the return from exercising the call (or put)
option may be set as the upper (or lower) bound of the
simulated asset return. The call (or put) option schedules,
including redemption dates and prices, are obtained from
Sentinel’s call_schedule (or put_schedule) tables (see FIG.
82).

[0540] In one implementation, several data reduction,
scaling and parallel computing techniques may be utilized.
For example, innovative ways to use global temporary tables
and sessions, data reduction techniques to drastically limit
amount of data utilized for processing thus lowering pro-
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cessing time, and several other data parallelization tech-
niques for generating simulation data may be utilized.

1. Use of Multiple Batches to achieve higher degree of
parallelism (DOP)

2. Use of Global Temporary Tables (GTT) to be able to run
batch in multiple sessions and reduce temporary storage
requirements

3. Use of Data Reduction techniques to reduce full table
scans for joins between Factor Exposure and Factor Simu-
lation table

4. Use of Parallel Query to parallelize generation of Asset
Simulation and Contribution to Value at Risk data

5. Use of Parallel DML to parallelize inserting data related
to Asset Simulation and Contribution to Value at Risk

6. Use of DDL for faster execution of delete statements to
speed up cleanup of global temporary tables (see FIG. 79)

[0541] Tail-Risk Adjusted Bond Ladder Construction

[0542] Tail-risk adjusted bond ladder construction is the
capability to construct a bond ladder incorporating real-time
market offerings, user-defined search criteria, and pre-trade
scenario risk analysis (see FIG. 93). In some implementa-
tions, the tail-risk adjusted bond ladder construction process
is a rule based approach that avoids the use of a solver,
which allows a large number of bond market offerings to be
evaluated in real-time, guarantees portfolio construction
solutions based on market offerings, and provides consistent
and scalable calculation performance. The bond-ladder con-
struction logic (see FIG. 88) uses the real-time bond offering
from electronic bond trading venues. Real-time data fusion
technologies provide the list of bonds and prices from
multiple sources of liquidity. The logic also ensures the
market values across the rungs of the bond ladder are
approximately equal (see FIG. 94). The proposed bond
ladder is built with approximately equal market values
across the different rungs of the bond ladder (see FIG. 95).
Market value is calculated using allocated par amount and
prices from real-time bond offerings.

[0543] In one implementation, the bond ladder construc-
tion may use two separate modes—Yield Maximization and
Risk Score Adjusted to construct the ladder (see FIG. 93).
Under Yield Maximization mode (see FIG. 96), the offerings
are first organized into classifications according to product
type, credit rating, and final maturity. The classifications can
then be further screened by user-defined search criteria
resulting with the (e.g., one hundred) highest yielding secu-
rities presented per rung as ladder portfolio options. Ladder
options may be allocated within the portfolio up to a
user-defined diversification constraint (“Maximum Security
Exposure”). By doing this, the user can specify that the
market value of any individual position should not exceed a
percentage threshold of the total market value of the port-
folio. Under Risk Score Adjusted mode (see FIG. 97), the
offerings are first organized into classifications according to
product type, credit rating, and final maturity. The classifi-
cations can then be further screened by user-defined search
criteria. The resulting set of securities are then run through
the model which takes the offering yield to worst and
performs a calculation on each to arrive at a down-side risk
score. Down-side risk is quantified using a statistical mea-
sure calculated as a zscore, sourced from either the securi-
ty’s default probability or its 5% worst mark-to-market
estimated total returns, also known as the 5% conditional
value-at-risk (CVaR).
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[0544] For bonds which are covered by Kamakura Cor-
poration’s default risk model, default probabilities may be
used as the down-side risk score. Default probabilities are
published daily by Kamakura for public, private and sover-
eign issuers across multiple time horizons. Default prob-
abilities may be updated for these issuers using the follow-
ing tenors: 1 Month, 3 Months, 6 Months, 1 Yr, 2 Yr, 4 Yr,
5Yr, 7 Yr, 10 Yr. These time horizons are matched with the
time to maturities of the bonds in the bond offerings. For
bonds not covered by Kamakura’s default risk model, down-
side risk may be quantified as CVaR calculated based on a
proprietary risk model. A normalized risk score is calculated
for available bond offerings for each rung. The bonds’ yield
to worst may be adjusted by the risk score. Bond offerings
with lower down-side risk rank higher; bond offerings with
higher risk rank lower.

[0545] Steps for Tail-Risk Adjusted Bond Ladder Con-
struction

1. Get Available Bonds from Offers API based on inputs
provided in the Strategy Settings and Security Selected
screen of Bond Beacon (see FIG. 89)

2. Check if Risk Score Adjustment option is selected as the
Yield Maximization Method. If Yes, continue with Step #3
below otherwise, continue to Step #5.

3. Calculate and store MEAN and STDDEYV based on data
available for Conditional Value at Risk (CVAR) and Default
Probability. These values will be used later to calculate
z-score and adjustment to yield.

4. Check each security available for allocation and adjust
their yield

[0546] a. If the security has default probability, calculate
z-score using the following formula

z-score=(DEFAULTinstrument-DEFAULTmean)/
DEFAULTstddev

Adjusted Yield=yield*(1-z-score/10)

[0547] b. If no default probability data is available for the
security, calculate z-score based on the following formula

z-score=(CVARIinstrument—-CVARmean)/CVARstd-
dev

Adjusted Yield=yield*(1+z-score/10)

5. Run the bond allocation logic based on Adjusted Yield. If
No Risk Score Adjustment option is selected, Adjusted Yield
equals to the Yield of the security (see FIG. 90 for output
generated from the bond ladder construction logic).

[0548] a. Sort available bonds based on Adjusted Yield,
Rating and Available Quantity to Trade

[0549] b. Calculate Quantity to Allocated in PAR for
security based on Minimum Denomination, Minimum Incre-
ment and Diversification Limit (in MV)

[0550] c. Check for Minimum Balance Remaining based
on Calculated Quantity to Allocate. If Minimum Balance
Remaining Condition is not satisfied, skip the bond and
continue.

[0551] d. Check if the rung has enough cash for allocation
based on allocated MV for security.

[0552] i. If rung has enough cash, allocate and adjust
rung MV
[0553] ii. If run does not have enough cash, repeat step

5.a using available rung’s cash as the limit. Continue
with steps 5.a, 5.b and 5.c.
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6. Check if Residual Cash is remaining after Bond Alloca-
tion
[0554] a. Find Rung with highest yield.

[0555] 1. Using bonds currently allocated within a rung,

find the yield based on weighted average calculations.

[0556] ii. Find the rung with the highest average yield.
[0557] b. For all bonds currently available in the rung, run
the bond allocation logic as listed in Step #5
[0558] Scenario-Based Risk Reporting for Multiple User-
Specified Scenarios
[0559] Scenario-based Risk Reporting may be imple-
mented as part of an application programming interface
(API) which uses parallel processing for calculating risk-
based analytics for user specified scenarios.
[0560] The first step of the process is to load simulated
returns for available securities in parallel (see FIG. 83). If
simulated returns are not available for the specified securi-
ties (see FIG. 91), a real-time asset simulation process is
executed. This real-time process generates the simulated
returns for the securities in real-time by applying data
reduction methods for loading factor exposures and simu-
lated factor returns from the database (see FI1G. 87) for the
factors the securities has exposures to. The data reduction
method reduces the data loaded for calculating the simulated
returns by reducing the data to the factors the securities have
exposures to. This eliminates redundant data being loaded
and supports the factor executing of dot product calculations
utilized for generating the simulated returns (see FIG. 86).
[0561] The second step is to filter out markets based on the
input scenarios (occurrence of a situation or changes to key
factor such as, change in interest rates) or business cycles (a
business cycle is the natural rise and fall of economic growth
that occurs over time) specified by the user. For example, if
user has created a scenario with a criteria in which the U.S.
2 Year Treasury Rate is between 0.3 and 1.8%, the process
creates a map of markets for which the simulated returns for
securities falls within this range. The process is executed in
parallel for available user-defined scenarios and specified
securities. If a particular user-defined scenario has multiple
such criteria, additional filter logic is applied on top of
previously filtered markets. Once the target list of markets is
available for each user-defined scenario, the process filters
the simulated returns for securities and reduces the data to
the targeted markets available.
[0562] The final step is to calculate the weighted average
simulated returns for the filtered markets based on the
weight specified as part of the input for each security. The
process then calculates risk-level analytics such as, CVAR
based on filtered simulated returns. The results are then
presented to the user (see FIG. 92). FIG. 98 shows the
Market Sensitivity Chart that shows how a particular port-
folio performs under different user-defined scenarios and
business cycles.
[0563] Additional embodiments may include:

Generate Simulated Market Scenarios Using a Set
of Deep Learning Neural Networks and
Multivariate Mixture with Cloud Computing

[0564] 1. A machine learning portfolio generating appa-
ratus, comprising:

[0565] a memory;
[0566] a component collection in the memory;
[0567] a processor disposed in communication with the

memory and configured to issue a plurality of processor-
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executable instructions from the component collection,

the processor-executable instructions structured as:

[0568] generate, via at least one processor, a set of
simulated market scenarios using a variational autoen-
coder with cloud computing technology, the variational
autoencoder structured as:

[0569] use neural networks as encoder to generate a
set of latent variables, simulate latent variables with
neural networks as decoder such that the decoded
simulated market scenarios follow dynamic depen-
dencies and volatilities of historical market risk
factors;

[0570] use a transfer layer between the encoder and
the decoder to allow latent space variables to take on
any distributions and any dependency joint distribu-
tion structures;

[0571] in which the number of latent space variables,
the number of neurons in the encoder and the
decoder and the number of layers of the encoder and
the decoder are tuned to ensure an overall goodness
of fit between the set of simulated market scenarios
and a set of historical market scenarios.

[0572] 2. The apparatus of embodiment 1, further, com-
prising:
[0573] the instructions from cloud computing technolo-

gies to determine the set of historical market scenarios are

structured to comprise instructions to:

[0574] determine, via at least one processor, a historical
data set, a rolling window period length, and a set of
market factors;

[0575] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[0576] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[0577] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[0578] 3. The apparatus of embodiment 2, further, com-
prising:
[0579] the instructions with cloud computing technologies

to calculate a change to a market factor during a rolling

window period are structured to comprise instructions to:

[0580] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.

[0581] 4. The apparatus of embodiment 3, further, com-
prising:
[0582] the processor-executable instructions on cloud

computing clusters structured as:

[0583] determine, via at least one processor, that his-
torical data for the market factor during the rolling
window period is unavailable for a time point; and

[0584] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method, the imputed delta of historical market
factors structured to minimize the Mean Absolute Dif-
ference between correlation matrices of original and
imputed data, in which the mean z-scores of market
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factor deltas with imputation are minimized compared
to the mean z-scores of the original market factor deltas
without imputation, and in which the ratios of the
standard deviation of each factor with and without
imputation approach 1.

[0585] 5. The apparatus of embodiment 1, further, com-
prising:
[0586] the processor-executable instructions on cloud

computing clusters structured as:

[0587] utilize a deep learning neural network for a time
period bucket, the trained deep learning neural network
is trained to generate a set of Gaussian mixture latent
variables.

[0588] 6. The apparatus of embodiment 5, further, com-
prising:
[0589] the processor-executable instructions on cloud

computing clusters structured to generate simulated mar-
ket scenarios for the time period bucket, using the trained
deep learning neural network associated with the time
period bucket.

[0590] 7. The apparatus of embodiment 6, further, com-
prising:
[0591] the instructions to generate simulated market sce-

narios for the time period bucket are structured to com-

prise instructions to:

[0592] generate, via at least one processor, a set of
random values for the set of Gaussian mixture latent
variables; and

[0593] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.

[0594] 8. The apparatus of embodiment 1, further, com-
prising:
[0595] the processor-executable instructions structured as:

[0596] filter, via at least one processor, the set of simu-
lated market scenarios associated with a time period
length based on specified ranges of allowable values for
specified customized market factors.

[0597] 9. The apparatus of embodiment 1, further, com-
prising:
[0598] the processor-executable instructions structured as:

[0599] filter, via at least one processor, the set of simu-
lated market scenarios associated with a time period
length based on specified business cycle settings.

[0600] 10. The apparatus of embodiment 1, further, com-
prising:
[0601] the instructions to train a machine learning process

to generate unprecedented stress market scenarios struc-
tured as:

[0602] quantify unprecedentedness as a fitted polyno-
mial degree 2 curve, via at least one processor on cloud
computing infrastructure, which captures the relation-
ship between movements in VIX and the number of risk
factors that experienced unprecedented magnitude of
changes; and

[0603] train, via at least one processor on cloud com-
puting platform, the conditional dependency structure
of large movements in VIX,

[0604] in which the VIX up and VIX down levels are
solved by the objective function of minimizing the
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mean squared error between a simulated polynomial
degree 2 curve and a historical polynomial degree 2
curve,

[0605] in which the fitted polynomial degree 2 curve
is fitted from simulated market scenarios generated
using at least one of’ a variational autoencoder deep
learning model, a gaussian copula conditional on
large VIX movements.

[0606] 11. The apparatus of embodiment 1, further, com-
prising:

[0607] the processor-executable instructions structured as:
[0608] apply cloud service, Amazon Web Services

(AWS) SageMaker, to train, tune, and deploy deep

learning models in a parallel and distributed way on

multiple instances and multiple GPUs.

[0609] 12. The apparatus of embodiment 1, further, com-
prising:
[0610] the processor-executable instructions structured as:

[0611] use a machine learning service, SageMaker, in
AWS to manage machine learning pipeline.
[0612] 13. The apparatus of embodiment 1, further, com-
prising:
[0613] the processor-executable instructions structured as:
[0614] wutilize SageMaker to support collaboration
between developers and data scientists.

[0615] 14. The apparatus of embodiment 1, further, com-
prising:
[0616] the processor-executable instructions of using

SageMaker for parallel market scenario simulation struc-

tured as:

[0617] create a SageMaker notebook instance with spe-
cific lifecycle configuration, permissions and encryp-
tion, and network settings;

[0618] wupload input data to S3 by providing a S3 path;

[0619] configure a training job as an estimator by pro-
viding arguments including at least one of: training
script entry point, SageMaker execution role, number
and type of training instance, security key, and a set of
hyperparameters;

[0620] trigger the training job by launching a docker
container on EC2 instances with prebuilt SageMaker
docker images and downloading the input data from the
specified S3 path to start the training process;

[0621] repeat the training job on market scenarios with
different delta length to configure multiple training jobs
such that they can be triggered together and trained on
multiple instances in a parallel way;

[0622] deploy models as multiple SageMaker endpoints
by specifying instance type and number of instances
used to host the endpoints; and

[0623] simulate market scenarios with different delta
length using the SageMaker endpoints.

Simulating Mutual Fund and ETF Returns with
Machine Learning and Cloud Computing
Techniques

[0624] 1. Amachine learning mutual fund and ETF returns
simulating apparatus, comprising:

[0625] a memory;
[0626] a component collection in the memory;
[0627] a processor disposed in communication with the

memory and configured to issue a plurality of processor-
executable instructions from the component collection,
the processor-executable instructions structured as:
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[0628] obtain, via at least one processor, mutual funds’
or ETFs’ historical daily returns data sets, a set of
rolling window period lengths, and data sets for a set of
market factors’ historical returns during the specified
set of rolling window periods;

[0629] compute, via at least one processor, for each
mutual fund or ETF, returns during each rolling win-
dow period from the set of rolling window periods, by
aggregating the historical returns;

[0630] learn, via at least one processor, for each mutual
fund or ETF, for each rolling window period from the
set of rolling window periods, the respective mutual
fund’s or ETF’s relationships with a set of most rel-
evant market factors from their historical returns;

[0631] simulate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, the respective
mutual fund’s or ETF’s returns under simulated market
scenarios;

[0632] visualize real-time, via at least one processor, for
each mutual fund, ETF, or portfolio of mutual funds
and ETFs, for each rolling window period from the set
of rolling window periods, the respective mutual
fund’s, ETF’s, or portfolio’s simulated returns distri-
butions under user-specified market scenarios or busi-
ness cycles; and

[0633] illustrate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, the respective
mutual fund’s or ETF’s exposure to each market factor.

[0634] 2. The apparatus of embodiment 1, further, com-
prising:
[0635] the processor-executable instructions structured as:

[0636] construct, via at least one processor, from a set of
market factor pairs, a set of spread factors, by comput-
ing the difference in returns between each pair of
market factors under simulated market scenarios, the
set of spread factors comprising orthogonal features
that mitigate multicollinearity;

[0637] update, via at least one processor, the set of
market factors to include the set of spread factors; and

[0638] select, via at least one processor, for each mutual
fund or ETF, the set of most relevant market factors to
utilize during simulation model training.

[0639] 3. The apparatus of embodiment 2, further, com-
prising:
[0640] the processor-executable instructions structured as:

[0641] obtain, via at least one processor, from database
tables, for each mutual fund or ETF, domain experts’
input that specifies a set of utilization market factors to
be considered for utilization in the return-simulating
model, based on the fund or ETF’s asset category;

[0642] evaluate, via at least one processor, for each
mutual fund or ETF, for each market factor in the set of
utilization market factors, the importance level of the
market factor’s impact on the mutual fund’s or ETF’s
returns, using XGBoost’s feature importance measure-
ment; and

[0643] select, via at least one processor, for each mutual
fund or ETF, from the domain-expert-specified or entire
set of market factors, the top contributing market
factors to be later utilized in the return-simulation
model, using a customized forward selection algorithm
that maximizes regression models’ adjusted R* and
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restrains model coefficients from flipping signs, the top
contributing market factors selected to alleviate multi-
collinearity.
[0644] 4. The apparatus of embodiment 3, further, com-
prising:
[0645] the processor-executable instructions structured as:

[0646] train, via at least one processor, for each mutual
fund or ETF, for each rolling window period from the
set of rolling window periods, using the selected set of
market factors, a ridge regression model which regu-
larizes regression coeflicients and mitigates multicol-
linearity;

[0647] evaluate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, model perfor-
mance by measuring adjusted R* and conducting
residual distribution analysis; and

[0648] store, via at least one processor, for each mutual
fund or ETF, for each rolling window period from the
set of rolling window periods, a binary format of the
trained ridge regression model and model performance
evaluation metrics in one or more database tables.

[0649] 5. The apparatus of embodiment 4, further, com-
prising:
[0650] the processor-executable instructions structured as:

[0651] simulate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, the returns
under the simulated market scenarios, using the trained
ridge regression model;

[0652] adjust, via at least one processor, for each mutual
fund or ETF, for each rolling window period from the
set of rolling window periods, the respective mutual
fund’s or ETF’s market-factor-based simulated returns
for idiosyncratic risk, by adding sampled regression
residuals; and

[0653] calibrate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, the respective
mutual fund’s or ETF’s returns to forward-looking
capital market assumptions.

[0654] 6. The apparatus of embodiment 5, further, com-
prising:
[0655] the processor-executable instructions structured as:

[0656] calculate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, the correlation
between the sampled regression residuals and a target
variable;

[0657] evaluate, via at least one processor, for each
mutual fund or ETF, for each rolling window period
from the set of rolling window periods, a distribution of
the sampled regression residuals by conducting the
Mann-Whitney U Test;

[0658] assess, via at least one processor, for each mutual
fund or ETF, for each rolling window period from the
set of rolling window periods, the distance of the
residual mean from 0 by calculating Cohen’s d.

[0659] 7. The apparatus of embodiment 1, further, com-
prising:
[0660] the processor-executable instructions structured as:

[0661] utilize big data framework, Spark, with Elastic
Map Reduce (EMR) and EMR Notebook, to support
processing and storage in a parallel and distributed way.



US 2022/0101438 Al

[0662] 8. The apparatus of embodiment 7, further, com-
prising:

[0663] the processor-executable instructions structured as:
[0664] utilize Spark to analyze computation tasks and

optimize processing workflow prior to code execution.

[0665] 9. The apparatus of embodiment 8, further, com-
prising:

[0666] the processor-executable instructions structured as:
[0667] use EMR Notebooks along with EMR clusters to

submit Spark jobs for parallel computing.

[0668] 10. The apparatus of embodiment 9, further, com-
prising:

[0669] the processor-executable instructions structured as:
[0670] execute EMR using a cloud computing infra-

structure.

[0671] 11. The apparatus of embodiment 10, further, com-
prising:

[0672] EMR Notebook is structured to provide at least one
of the following features: support for multiple program-
ming languages, test and debug code interactively, moni-
tor Spark activity from within a notebook, visualize large
datasets and resume at broken steps, and detach and attach
a notebook to different EMR clusters.

[0673] 12. The apparatus of embodiment 7, further, com-
prising:

[0674] the processor-executable instructions structured as:
[0675] create an EMR cluster with a predefined boot-

strap script including the dependencies utilized by a
service;

[0676] execute the predefined bootstrap script on each
worker node in a cluster script to have dependent
libraries installed;

[0677] create an EMR Notebook with a pre-defined
service Identity and Access Management (IAM) role
and connect the EMR Notebook to the EMR cluster;

[0678] load input data into the EMR cluster and store
among core nodes in a distributed way once the EMR
cluster is in ready status;

[0679] group assets by the asset id and apply Spark
mapper and reducer functions on each asset to conduct
a series of transformations and reductions; and

[0680] save a trained model in binary format or pre-
dicted scores by the trained model into Postgres data-
base after the series of transformations and reductions
are conducted.

[0681] 13. The apparatus of embodiment 1, further, com-
prising:

[0682] the processor-executable instructions structured as:
[0683] provision an event-driven, self-service, and

extensible big data and machine learning self-service
computation engine using a collection of components
implemented in a Workflow Declaration Language
(WDL).

[0684] 14. The apparatus of embodiment 1, further, com-
prising:

[0685] the processor-executable instructions structured as:
[0686] declaratively define a desired state of big data

and machine learning pipelines;

[0687] programmatically transform the desired state
into a workflow;

[0688] generate workflow code associated with the
workflow for resource provision, job submission, job
scheduling, job monitoring and job dependency orches-
tration; and
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[0689] inject the workflow code into a container for
scheduling and execution.
[0690] 15. The apparatus of embodiment 1, further, com-
prising:
[0691] the processor-executable instructions structured as:
[0692] utilize a plurality of platform-executable jobs
derived from big data and machine learning artifacts,
structured to execute with desired or elastic capacity on
a variety of platforms and services including at least
one of: multi-node clusters, virtual servers, containers
and lambda functions.
[0693] 16. The apparatus of embodiment 1, further, com-
prising:
[0694] the processor-executable instructions structured as:
[0695] utilize an event-driven architecture with loosely
coupled event producers and consumers, integrated to:

[0696] fulfill the prescription of resource allocation;
[0697] generate workflow code to facilitate self-ser-
vice;
[0698] provision vertical and horizontal scalability;
and
[0699] support fault-tolerance.
[0700] 17. The apparatus of embodiment 1, further, com-
prising:
[0701] the processor-executable instructions structured as:

[0702] wutilize parallel on parallel hierarchy and flexible
calculation dependencies, structured to facilitate mul-
tiple jobs to be concurrently distributed to multiple
nodes with tasks in each job executed in parallel.

[0703] 18. The apparatus of embodiment 1, further, com-
prising:
[0704] heterogenous platforms consists of EMR, EC2,

ECS and Lambda functions;

[0705] a set of supported languages: Scala, Java and
Python.

[0706] 19. The apparatus of embodiment 1, further, com-
prising:

[0707] generic roles and responsibilities defined as inter-
faces for functional implementation;

[0708] open source technologies adopted to ensure cloud
provider agnosticism.

[0709] 20. The apparatus of embodiment 1, further, com-
prising:
[0710] the processor-executable instructions structured as:

[0711] utilize network-optimized, memory-optimized
or compute-optimized cloud instances.
[0712] 21. The apparatus of embodiment 1, further, com-
prising:
[0713] an optimization with cost leveraging:
[0714]
ers;
[0715] price-discount with Spot Instances or Reserved
Instances.
[0716] 22. The apparatus of embodiment 1, further, com-
prising:
[0717]
[0718] utilize a unified, distributed, parallel, generic
computation engine supporting big data batch and
streaming processing for financial data extraction,
transformation, and load (ETL) and simulation.

inexpensive and commodity-grade virtual serv-

the processor-executable instructions structured as:
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Simulating Equity Returns Under Different Market
Scenarios Using a Set of Machine Learning and
Cloud Computing Techniques

[0719] 1. A machine learning equity returns simulating
apparatus, comprising:

[0720] a memory;

[0721] a component collection in the memory;

[0722] a processor disposed in communication with the
memory and configured to issue a plurality of processor-
executable instructions from the component collection,
the processor-executable instructions structured as:
[0723] obtain, via at least one processor, equity’s his-

torical daily returns data sets, a set of rolling window
period lengths, and data sets for the set of market
factors’ historical returns during the specified rolling
window periods;

[0724] compute, via at least one processor, for each
equity, the returns during each rolling window period
from the set of rolling window periods, by aggregating
the historical daily returns;

[0725] construct, via at least one processor, from a set of
market factor pairs, a set of spread factors, by comput-
ing the difference in returns between each pair of
market factors under simulated market scenarios, in
order to create orthogonal features to mitigate the
problem of multicollinearity;

[0726] update, via at least one processor, the set of
market factors to include the set of spread factors;
[0727] evaluate, via at least one processor, for each
equity, for each market factor in the updated set of
market factors, the importance level of the market
factor’s impact on the equity, using XGBoost’s feature

importance measurement;

[0728] allow, via at least one processor, for each equity,
from the updated set of market factors, domain experts
to specify market factors to be later considered for
utilization in the return-simulating model, based on its
asset category (e.g., fixed income, US equity, interna-
tional equity, etc.);

[0729] select, via at least one processor, for each equity,
from the entire or domain-expert-specified set of mar-
ket factors, the top contributing market factors to be
later utilized in the return-simulating model, using a
customized forward selection algorithm that maximizes
regression models adjusted R, in order to enhance
model performance and alleviate the issue of multicol-
linearity;

[0730] learn, via at least one processor, for each equity,
for each rolling window period from the set of rolling
window periods, its relationships with the set of
selected market factors from their historical returns
using ridge regression which regularizes regression
coeflicients and mitigates the problem of multicol-
linearity;

[0731] simulate, via at least one processor, for each
equity, for each rolling window period from the set of
rolling window periods, its returns under simulated
market scenarios using X(GBoost regression with the
set of selected market factors and company specific
financial factors;

[0732] calibrate, via at least one processor, for each
equity, for each rolling window period from the set of
rolling window periods, the returns to forward-looking
capital market assumptions;

[0733] visualize real-time, via at least one processor, for
each equity, or portfolio of equities, for each rolling
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window period from the set of rolling window periods,
its simulated returns distributions under user-specified
market scenarios (e.g., business cycle assumption, ris-
ing VIX scenario, etc.); and

[0734] illustrate, via at least one processor, for each
equity, for each rolling window period from the set of
rolling window periods, its exposure to selected market
factor based on their historical returns.

[0735] 2. A machine learning equity returns model feature
engineering apparatus, comprising:

[0736] a memory;

[0737] a component collection in the memory;

[0738] a processor disposed in communication with the
memory and configured to issue a plurality of processor-
executable instructions from the component collection,
the processor-executable instructions structured as:
[0739] obtain, via at least one processor, equity’s his-

torical conditional betas data sets, a set of rolling
window period lengths, data sets for the set of market
factors’ historical returns during the specified rolling
window periods, and data sets for the set of company
specific financials factors’ historical values during the
specified rolling window periods;

[0740] compute, via at least one processor, for each
equity, during each rolling window period from the set
of rolling window periods, the set of features contrib-
uting to a positive gain in feature importance ranking,
by running nonparametric Gradient Boosting tree
regression model; and

[0741] further compute, via at least one processor, for
each equity, during each rolling window period from
the set of rolling window periods, the smaller set of
features contributing to a positive gain in adjusted R
square, by running parametric regression model, in
order to enhance model performance and alleviate the
issue of multicollinearity.

[0742] 3. A residual validation workflow apparatus, com-
prising:

[0743] a memory;

[0744] a component collection in the memory;

[0745] a processor disposed in communication with the
memory and configured to issue a plurality of processor-
executable instructions from the component collection,
the processor-executable instructions structured as:
[0746] obtain, via at least one processor, equity’s con-

ditional beta model training and test data sets, a set of
rolling window period lengths, and data sets for pre-
dicted conditional beta through trained model on the
same processor;

[0747] compute, via at least one processor, for each
equity, the residual correlation between the predicted
beta and residuals of prediction, the residual normal p
value, the residual effective size, the residual Mann
Whitney U value, and the residual standard deviation;
and

[0748] validate, via at least one processor, from a set of
residual analysis matrix, that beta residuals from mod-
els are unbiased, that beta residuals from models are
substantively close to zero.

[0749] 4. A machine learning equity idiosyncratic risk
model apparatus, comprising:

[0750] a memory;

[0751] a component collection in the memory;
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[0752] a processor disposed in communication with the
memory and configured to issue a plurality of processor-
executable instructions from the component collection,
the processor-executable instructions structured as:
[0753] obtain, via at least one processor, equity’s his-

torical idiosyncratic risk data sets, a set of rolling
window period lengths, data sets for the set of market
factors’ historical returns during the specified rolling
window periods, and data sets for the set of company
specific financials factors’ historical values during the
specified rolling window periods;

[0754] compute, via at least one processor, for each
equity, during each rolling window period from the set
of rolling window periods, with the set of features
contributing to a positive gain in feature importance
ranking and contributing to a positive gain in adjusted
R square, the weighted sum squared Euclidean distance
between each simulated market scenario and each
historical scenario; and

[0755] select, via at least one processor, for each equity,
during each rolling window period from the set of
rolling window periods, the closest historical scenario
to simulated market scenarios, and assign the stored
idiosyncratic risk of this historical scenario to this
simulated market scenario.

[0756] 5. The apparatus of embodiment 1, further, com-
prising:
[0757] Spark analyzes computation tasks and optimize the

workflow of the data processing before actually executing
the code, which makes it outperforms Hadoop in terms of
performance with Directed Acyclic Graph (DAG) opti-
mizations and in memory processing.

[0758] 6. The apparatus of embodiment 5, further, com-
prising:
[0759] use EMR Notebooks along with EMR clusters to

submit Spark jobs for parallel computing to improve
the development efficiency.

[0760] 7. The apparatus of embodiment 6, further, com-
prising:
[0761] EMR to make full usage of compute power offered

by the cloud provider and save compute costs, since the
EMR runtime for Spark can be over 3 times faster than
standard Spark.

[0762] 8. The apparatus of embodiment 7, further, com-
prising:
[0763] EMR Notebook provides following functionalities

and characteristics:

[0764] support multiple programming languages;

[0765] test and debug code interactively;

[0766] monitor Spark activity from within the notebook;

[0767] visualize large datasets and resuming at broken
steps; and

[0768] detach and attach a notebook to different EMR

clusters easily.

[0769] 9. The apparatus of embodiment 8, further, com-
prising:
[0770] the workflow of parallel computing of a single task

of asset simulation with EMR Notebook comprising:

[0771] create an EMR cluster with a predefined boot-
strap script including all the dependencies required by
a service;

[0772] execute the bootstrap script on each worker node
in the cluster script to have dependent libraries
installed;
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[0773] create an EMR Notebook with a pre-defined
service IAM role and connect it to the EMR cluster;
[0774] load input data into EMR cluster and store
among the core nodes in a distributed way once the
EMR cluster is in ready status;

[0775] group assets by the asset id and apply Spark
mapper and reducer functions on each asset to conduct
a series of transformations and reductions; and

[0776] save the eventual results, such as trained model
in the format of binary or predicted scores by the model
into Postgres database after the transformations are
finished.

[0777] 10. The apparatus of embodiment 1, further, com-
prising:
[0778] A big data and machine learning self-service com-

putation platform, comprising:

[0779] a Workflow Declaration Language (WDL);
[0780] an implementation of the WDL;
[0781] a collection of components in the WDL structured
as:
[0782] provision an event-driven, self-service, and

extensible computation engine.
[0783] 11. The apparatus of embodiment 1, further, com-
prising:
[0784] the executable instructions structured as:

[0785] declaratively define the desired state of big data
and machine learning pipelines;

[0786] programmatically transform the desired state
into workflow;

[0787] automatically generate workflow code for
resource provision, job submission, job scheduling, job
monitoring and Job dependency orchestration; and

[0788] automatically inject the workflow into a con-
tainer for scheduling and execution.

[0789] 12. The apparatus of embodiment 1, further, com-
prising:
[0790] a plurality of platform-executable jobs derived

from big data and machine learning artifacts, structured

as:

[0791] execute on a variety of platforms and services
with desired or elastic capacity: multi-node clusters,
virtual servers, containers and lambda functions.

[0792] 13. The apparatus of embodiment 1, further, com-
prising:
[0793] an event-driven architecture with loosely coupled

event producers and consumers, integrated to:

[0794] fulfil the prescription of resource allocation;
[0795] generate workflow code to facilitate self-service;
[0796] provision vertical and horizontal scalability; and
[0797] support fault-tolerance.

[0798] 14. The apparatus of embodiment 1, further, com-
prising:

[0799] parallel on parallel hierarchy and flexible calcula-

tion dependencies, structured as:

[0800] enable multiple jobs to be concurrently distrib-
uted to multiple nodes with tasks in each job executed
in parallel.

[0801] 15. The apparatus of embodiment 1, further, com-
prising:
[0802] heterogenous platforms consists of EMR, EC2,

ECS and Lambda functions;
[0803] a set of supported languages: Scala, Java and
Python;
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[0804] 16. The apparatus of embodiment 1, further, com-
prising:
[0805] generic roles and responsibilities defined as inter-

faces for functional implementation;
[0806] open source technologies adopted to ensure cloud
provider agnosticism.

[0807] 17. The apparatus of embodiment 1, further, com-
prising:
[0808] an optimization with performance by using net-

work-optimized, memory-optimized and/or compute-op-
timized cloud instances based on the nature of the com-
putation.

[0809] 18. The apparatus of embodiment 1, further, com-
prising:

[0810] an optimization with cost leveraging:

[0811] inexpensive and commodity-grade virtual serv-
ers;
[0812] price-discount with Spot Instances or Reserved
Instances.
[0813] 19. The apparatus of embodiment 1, further, com-
prising:
[0814] a unified, distributed, parallel, generic computation

engine supporting:
[0815] big data batch and streaming processing for
financial data ETL and simulation;
[0816] machine learning training and scoring for fixed
income, equity and mutual fund and ETF.
[0817] 20. The apparatus of embodiment 1, further, com-
prising:
[0818] the processor-executable instructions structured as:
[0819] apply big data framework, Spark, with EMR and
EMR Notebook, to support the data process and storage
in a parallel and distributed way.

Optimized Portfolio Generation Using Simulated or
Realized Returns with Loss Tolerance or Return
Volatility Controls, Generation of Mean-CVaR and
Mean-Variance Frontiers with Parallel Computing

[0820] 1. A Tail Risk Optimizer risk tool, comprising:

[0821] 1. an optimization finding the optimal portfolio
weights set that reaches max return along with condi-
tional Value at Risk constraints and self-defined asset
max allocation weights. The optimization process is
structured as:

[0822] 2. define, via users’ loss tolerance, a CVaR
threshold percentage that is allowed within the portfo-
lio and self-defined max allocation for each asset in the
portfolio, and;

[0823] 3. obtain, via at least one processor, assets’
simulated returns data sets, a set of return data of each
asset with different market scenarios, to:

[0824] 4. convert, via CVaR linear relaxation, the con-
vex CVaR calculation into a linear system to accelerate
the optimizer; with an introduction of some auxiliary
variable to discretize the integral in general CVaR
computation process;

[0825] 5. optimize; via mixed integer programming
techniques; the portfolio expected return with specified
asset max allocation, CVaR threshold and allowed
volume of cash holdings; acquire, via parallel compu-
tation, a proposed set of portfolio weights and its
expected return/volatility/drawdown; taking advan-
tages of compute power provided by cloud platform
and applies AWS Flastic Container Service (ECS)
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which is a fully managed container orchestration ser-
vice to handle requests in a parallel way. Multiple user
requests are loaded into different containers that are
hosted on a cluster of EC2 machines. Within a single
request, the computation process of CVAR is distrib-
uted among different CPU cores in each container using
multiprocessing mechanism. By using parallel comput-
ing techniques, ECS and multiprocessing, the service
performance is significantly improved.

[0826] 6. visualize, via CVaR-Mean frontier plot con-
sisting of hundreds of optimal portfolio points with
current constraints but different CVaR threshold, port-
folio return versus portfolio CVaR; the relative position
between the current optimal portfolio and initial port-
folio. Allowing changes of scenarios, business cycles or
optimization types, the CVaR-Mean frontier to change
accordingly and the capacity of comparing optimal
portfolios under different scenarios and methodologies.

[0827] 2. A Mean Variance Optimizer risk tool, compris-
ing:
[0828] 1. an optimization finding the best balance
between expected return and portfolio risk according to
a user specified risk tolerance level and self-defined
asset max allocation weights. The optimization process
is structured as:

[0829] 2. define, via users’ preference, a risk tolerance
level ranging from 0 to 10 as risk averse situation to
risk seeking situation, corresponding to conservative
investors to aggressive investors and;

[0830] 3. obtain, via at least one processor, assets’
simulated returns data sets, a set of return data of each
asset with different market scenarios, to:

[0831] 4. estimate, via Ledoit-Wolf covariance matrix
estimation method which corrects both bias and vari-
ance of sample covariance matrix or; historical-based
covariance matrix estimation method with addition of'a
small number on the diagonal to decorrelate asset
behavior to capture accurate and robust portfolio risk;

[0832] 5. optimize; via objective function of maximiz-
ing sum of the portfolio return and a risk penalty with
coeflicient as risk tolerance parameter; along with the
constraints of specified asset max allocation as well as
the integrity of portfolio weights summation; acquire,
via parallel computation, a proposed set of portfolio
weights and its expected return/volatility/drawdown;
taking advantages of compute power provided by cloud
platform and applies AWS Elastic Container Service
(ECS) which is a fully managed container orchestration
service to handle requests in a parallel way. Multiple
user requests are loaded into different containers that
are hosted on a cluster of EC2 machines. Within a
single request, the computation process of CVAR is
distributed among different CPU cores in each con-
tainer using multiprocessing mechanism. By using par-
allel computing techniques, ECS and multiprocessing,
the service performance is significantly improved.

[0833] 6. visualize, via efficient frontier (Volatility-
Mean) plot consisting of around 1700 optimal portfolio
points with current constraints but different risk toler-
ance level, portfolio return versus portfolio risk; the
relative position between the current optimal portfolio
and initial portfolio. Allowing changes of scenarios,
business cycles or optimization types, the efficient
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frontier to change accordingly and the capacity of
comparing optimal portfolios under different scenarios
and methodologies.

Constructing Predefined Scenarios (GUI) Using
Simulated Market Scenarios and Scenario-Based
Risk Reporting Using Multiple User-Defined
Scenarios

[0834] 1. A computer program or application comprising a
volatile or non-volatile computer usable medium having
executable code to execute a process for generating
scenario-based risk reporting for multiple user-specified
scenarios, the process comprising:

[0835] obtain, on all available processors, for all securi-
ties, load asset simulation data in temporary storage or
memory based on time-horizon selected by the user, input
passed to the process as a data structure; input data
structure includes user-specified scenarios; generate asset
simulation data if not available; load call and put schedule
in temporary storage or memory to be used by alternate
asset simulation process;

[0836] simulate, as alternate asset simulation process, on
all available processors, for all securities, calculate the dot
product of factor exposure for selected securities and
factor simulations; adjust simulated returns for assets
based on call and put schedule;

[0837] generate, on all available processors, for all avail-
able user-defined scenarios, find markets matching user
provided criteria; apply multiple criteria as provided in
user input; store list of markets in a map data structure in
temporary storage or memory;

[0838] calculate, on all available processors, for all avail-
able user-defined scenarios from the map, get market
returns based on markets in the map entry; calculate
weighted average market returns using asset simulation
returns and security weights; store market returns to the
map;

[0839] compute, as main process, on all available proces-
sors, for all available user-defined scenarios from the
map, use the market returns stored in the map to calculate
tail-risk and other risk-based analytics; and

[0840] visualize real-time, via at least one processor, for
each portfolio, for each rolling window period from the
set of rolling window periods, its simulated returns dis-
tributions under user-specified market scenarios or busi-
ness cycles (e.g., rising interest rates, recession, etc.).

Fixed Income Securities Returns Simulation and
Portfolio Risk Aggregation Using Oracle RDS or
Map Reduce Cloud Computing Technologies

[0841] 1. A database-implemented procedure for multi-
risk factor risk engine method executed by one or more
processors, the method comprising:

[0842] obtain, a list of unique securities for which a main
operation needs to be executed based on user provided
inputs for data filtering;

[0843] filter, factor exposures data based on list of unique
securities and store in temporary storage or memory; Use
Oracle RDS Global Temporary Tables (GTT) to run batch
in multiple sessions; further filter, factor simulation data
based on unique factors available from factor exposure
data and store in temporary storage or memory; if factor
exposure data not available, calculate factor exposure data
as alternate operation for current pricing date;
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[0844] process, the alternate operation, on all available
processors, calculate spread ratio for all securities using
dimension reduction; store calculated factor exposure in
local storage or memory; Use Global Temporary Tables
where needed for temporary storage;

[0845] process, the main operation, all available unique
securities in small chunks or batches, for each batch;
[0846] retrieve, from temporary storage or memory, the
necessary factor simulation and factor exposure data

relevant to the unique securities within the batch;

[0847] execute, for all available processors, in parallel, for
each security within the batch, the sum product of factor
exposure and factor simulations for each security and
store result asset simulation data in temporary storage or
memory; Use combination of Oracle’s Parallel Queries
and Global Temporary Tables to parallelize computations;

[0848] calibrate, for all available processors, in parallel,
the asset simulated returns for each security, based on call
and put schedule data available for each security;

[0849] transpose, from temporary storage or memory,
retrieve the asset simulation data for each security within
the batch and transpose data from individual records to a
list-based data structure and store results to permanent
storage in database; Use of Oracle’s DDL commands for
faster cleanup of Global Temporary Tables (GTT).

[0850] Adding the carry return of fixed income instru-
ments based on estimated maturity date. Such that if the
security matures within the simulated investment time
horizon, the yield to the estimated maturity date is used to
represent the carry return.

[0851] Adjusting the call and put schedules by not allow-
ing the simulated price returns to go beyond the call or put
prices if the call and put schedules fall in the simulation
time horizon.

[0852] Adjusting for default probabilities by ensuring the
simulated returns represent loss given default given the
conditional default flag for the instrument under the
different simulated markets.

[0853] Adjusting for conditional spread beta in the price
return calculations given the conditional spread beta for
the instrument under the different simulated markets.

[0854] Adjusting for convexity of the fixed income instru-
ments in the simulating of the price returns.

[0855] 2. The apparatus of embodiment 1, further, com-
prising:
[0856] parallel on parallel hierarchy and flexible calcula-

tion dependencies, structured as:

[0857] enable multiple jobs to be concurrently sched-
uled and executed on Oracle RDS with tasks in each job
executed in parallel.

[0858] 3. The apparatus of embodiment 1, further, com-
prising:
[0859] ability to compute simulated returns for all time-

horizons simultaneously, structured as:

[0860] store calculated simulated return data as separate
columns and stored in temporary cache or storage;
[0861] transpose calculated simulated returns using
PIVOT and UNPIVOT Oracle commands to provide
capability to compute simulated returns simultaneously

and storing data back to the database in parallel.

[0862] 4. The apparatus of embodiment 1, further, com-
prising:
[0863] Unique design to store simulated returns and mar-

ket scenario id as a single number. An array of such
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numbers is stored in storage medium and transported
between storage medium and API/UI layer. The unique
design ensured data compression, no need to encode/
decode compressed data and parallel portfolio risk aggre-
gation for multiple market scenarios, multiple time hori-
zons and multiple portfolios concurrently.
(e.g. <simulated_return>.<market_id> a single number:
“~142.0153” where -142 is the simulated return in bps and
153 is the market id. This single dimensional array is a
unique data format to support aggregate portfolio simulated
returns in parallel. This data format eliminates the complex-
ity to maintain mapping of the returns to market scenarios.
At the API layer, in processing this single dimensional array
in parallel, there is no need for compression/decompression

logic.)

[0864] 5. The apparatus of embodiment 1, further, com-
prising:

[0865] heterogeneous platforms comprising: Oracle RDS

on Cloud, Job Scheduler and Lambda functions;

[0866] a set of supported languages: PL-SQL, Java and
Python.

[0867] 6. The apparatus of embodiment 1, further, com-
prising:

[0868] an optimization with performance by using
memory-optimized and/or compute-optimized database
instances based on the nature of the computation.

[0869] 7. The apparatus of embodiment 1, further, com-
prising:
[0870] Apply big data framework, Spark, with EMR and

EMR Notebook, to support the data process and storage
in a parallel and distributed way.

[0871] 8. The apparatus of embodiment 7, further, com-
prising:
[0872] Spark analyzes computation tasks and optimize the

workflow of the data processing before actually executing
the code, which makes it outperforms Hadoop in terms of
performance with Directed Acyclic Graph (DAG) opti-
mizations and in memory processing.

[0873] 9. The apparatus of embodiment 8, further, com-
prising:
[0874] use EMR Notebooks along with EMR clusters to

submit Spark jobs for parallel computing to improve
the development efficiency.

[0875] 10. The apparatus of embodiment 9, further, com-
prising:
[0876] EMR to make full usage of compute power offered

by the cloud provider and save compute costs, since the
EMR runtime for Spark can be over 3 times faster than
standard Spark.

[0877] 11. The apparatus of embodiment 10, further, com-
prising:
[0878] EMR Notebook provides following functionalities

and characteristics: support multiple programming lan-
guages; test and debug code interactively; monitor Spark
activity from within the notebook; visualize large datasets
and resuming at broken steps; and detach and attach a
notebook to different EMR clusters easily.

[0879] 12. The apparatus of embodiment 11, further, com-
prising:
[0880] the workflow of parallel computing of a single task

of asset simulation with EMR Notebook comprising:

[0881] create an EMR cluster with a predefined boot-
strap script including all the dependencies required by
a service;
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[0882] execute the bootstrap script on each worker node
in the cluster script to have dependent libraries
installed;

[0883] create an EMR Notebook with a pre-defined
service IAM role and connect it to the EMR cluster;
[0884] load input data into EMR cluster and store
among the core nodes in a distributed way once the

EMR cluster is in ready status;

[0885] group assets by the asset id and apply Spark
mapper and reducer functions on each asset to conduct
a series of transformations and reductions;

[0886] save the eventual results, such as trained model
in the format of binary or predicted scores by the model
into Postgres database after the transformations are
finished; and

[0887] calculate, for all available processors, in parallel,
for each security within the batch, sort available asset
sims returns in increasing order, take average of top five
percent data and store result to permanent storage in
database; Use Parallel DML to parallelize inserting
records into the database.

Tail-Risk Adjusted Bond Ladder Construction

[0888] 1. A computer program or application comprising a
volatile or non-volatile computer usable medium having
executable code to execute a process for constructing a
bond ladder based on risk adjusted yield, the process
comprising:

[0889] obtain, a list of available bond offerings available
for trading from various sources, based on filter criteria
provided by the user, the input provided in a data structure
available to the program;

[0890] retrieve, all analytics data related to available
bonds, including default probability, conditional value at
risk (CVAR), yield, price, available quantity to trade, etc.;

[0891] calculate, on all available processors, mean and
standard deviation, for all bonds with default probability;
calculate same for all bonds with CVAR data; store
computed mean and standard deviation in temporary
storage or memory;

[0892] calculate, on all available processors, for all avail-
able bonds, the z-score based on default probability of the
bond, mean and standard deviation of default probabilities
of all bonds; For bonds with no default probability,
calculate z-score based on CVAR of the bond, mean and
standard deviation of CVAR for all bonds; adjusted yield
for the bond based on the computed z-score;

[0893] sort, all available bonds based on adjusted yield,
rating and available quantity; group data in rungs based
on maturity dates;

[0894] process, as main operation, on all available pro-
cessors, calculate allocated value for all bonds within the
rung; per bond based on minimum increment, minimum
denomination, diversification and minimum balance
remaining constraints; store residual cash not allocated
per rung into memory;

[0895] compute, on all available processors, for all rungs,
calculate weighted average yield per rung; find rung with
highest overall yield;

[0896] process, as final operation, on all available proces-
sors, calculate allocated value for all bonds within the
maximum Yyielding rung, calculate allocated value per
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bond based on minimum increment, minimum denomi-

nation, diversification and maximum balance remaining

constraints;

[0897] visualize real-time, via at least one processor, for
each portfolio, display constructed bond ladder based on
rungs as maturity year; display portfolio level risk ana-
Iytics;

[0898] 2. The apparatus of embodiment 1, further, com-
prising:

[0899] the instructions to calculate in parallel, mean and
standard deviation based on default probability and CVaR
for each rung comprising instructions to:

[0900] generate, on all available processors; a map of all
available securities available in each rung that has a
valid default probability or CVaR; and

[0901] generate and store in parallel; on all available
processors; using temporary memory, a final computed
values of mean and standard deviation by rung number,
from all available securities in the map.

[0902] 3. The apparatus of embodiment 1, further, com-
prising:
[0903] the instructions to calculate in parallel, the default

probability of securities based on maturity year for which

the default probabilities are not available comprising of

instructions to:

[0904] determine, on all available processors; for all
securities the default probability of securities with
missing data; using default probabilities for available
years; and

[0905] calculate, on all available processors, the default
probabilities using average of the prior and next year’s
default probability.

[0906] 4. The apparatus of embodiment 1, further, com-
prising:
[0907] the instructions to calculate the highest yielding run

based on weighted average calculations; structured as:

[0908] determine, on all available processors; for all
available rungs, securities that have quantities allo-
cated; create a map for each rung; and

[0909] calculate, on all available processors, the
weighted average yield for each rung using the yield of
each security and weight of the security based on
market value for each rung.

[0910] 5. The apparatus of embodiment 1, further, com-
prising:
[0911] the instructions to return additional securities avail-

able for the user; for each rung based on highest available

yield for each security:

[0912] determine, on all available processors; for all
available rungs; sort and list additional bonds for all
securities.

[0913] 6. The apparatus of embodiment 1, further, com-
prising:
[0914] parallel on parallel hierarchy and flexible calcula-

tion dependencies, structured as:

[0915] facilitate bond ladder construction to be
executed in parallel for each rung based on maturity
date for the securities. The allocation logic executes in
parallel for each rung.

[0916] 7. The apparatus of embodiment 1, further, com-
prising:
[0917] heterogenous platforms consists of ECS, Parallel

Streams and Java Web Caching;
[0918] a set of supported languages: Docker scripts, Java.
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[0919] 8. The apparatus of embodiment 1, further, com-
prising:
[0920] an optimization with performance by using net-

work-optimized, memory-optimized and/or compute-op-
timized cloud instances based on the nature of the com-
putation.

Additional Embodiments

[0921] 101. A machine learning portfolio generating appa-
ratus, comprising:

[0922] a memory;
[0923] a component collection in the memory;
[0924] a processor disposed in communication with the

memory and configured to issue a plurality of processor-

executable instructions from the component collection,

the processor-executable instructions structured as:

[0925] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[0926] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of deep learning neural networks,
each simulated market scenario in the set of simulated
market scenarios structured to comprise a set of simu-
lated market factor values;

[0927] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[0928] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[0929] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[0930] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[0931] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[0932] 102. The apparatus of embodiment 101, further,
comprising:

[0933] the instructions to generate the set of simulated
market scenarios using the set of deep learning neural
networks are structured to comprise instructions to:



US 2022/0101438 Al

[0934] determine, via at least one processor, a set of
historical market scenarios and a set of time period
buckets;

[0935] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;

[0936] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[0937] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[0938] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[0939] 103. The apparatus of embodiment 102, further,
comprising:

[0940] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[0941] determine, via at least one processor, a historical
data set, a rolling window period length, and a set of
market factors;

[0942] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[0943] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[0944] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[0945] 104. The apparatus of embodiment 103, further,
comprising:

[0946] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[0947] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.

[0948] 105. The apparatus of embodiment 104, further,
comprising:

[0949] the processor-executable instructions structured as:
[0950] determine, via at least one processor, that his-

torical data for the market factor during the rolling

window period is unavailable for a time point; and

[0951] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method.
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[0952] 106. The apparatus of embodiment 103, further,
comprising:

[0953] the rolling window period length is structured to be
equal to the time period length.

[0954] 107. The apparatus of embodiment 102, further,
comprising:

[0955] the set of time period buckets is structured to have
an equal fixed length for each time period bucket.

[0956] 108. The apparatus of embodiment 102, further,
comprising:

[0957] the set of time period buckets is structured to have
a variable length for each time period bucket, the variable
length for each time period bucket determined by judging
the overall goodness of fit between the set of simulated
market scenarios and the set of historical market sce-
narios.

[0958] 109. The apparatus of embodiment 102, further,
comprising:

[0959] the instructions to train a deep learning neural
network for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[0960] select, via at least one processor, a historical
market scenario from the associated subset of historical
market scenarios; and

[0961] train, via at least one processor, the deep learning
neural network for the time period bucket on the
selected historical market scenario using a variational

autoencoder.
[0962] 110. The apparatus of embodiment 109, further,
comprising:
[0963] the deep learning neural network for the time

period bucket is trained to generate a set of Gaussian
mixture latent variables.
[0964] 111. The apparatus of embodiment 110, further,
comprising:
[0965] the instructions to generate simulated market sce-
narios for the time period bucket, using the trained deep
learning neural network associated with the time period
bucket, are structured to comprise instructions to:
[0966] generate, via at least one processor, a set of
random values for the set of Gaussian mixture latent
variables; and

[0967] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.

[0968] 112. The apparatus of embodiment 101, further,
comprising:

[0969] the processor-executable instructions structured as:
[0970] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.

[0971] 113. The apparatus of embodiment 101, further,
comprising:

[0972] the processor-executable instructions structured as:
[0973] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified business cycle settings.

[0974] 114. The apparatus of embodiment 101, further,
comprising:

[0975] the processor-executable instructions structured as:
[0976] initialize, via at least one processor, starting

portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.
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[0977] 115. The apparatus of embodiment 101, further,
comprising:

[0978] the portfolio weights of securities in the universe of
securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.

[0979] 116. A machine learning portfolio generating pro-
cessor-readable, non-transient medium, comprising pro-
cessor-executable instructions structured as:

[0980] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[0981] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of deep learning neural networks,
each simulated market scenario in the set of simulated
market scenarios structured to comprise a set of simu-
lated market factor values;

[0982] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[0983] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[0984] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[0985] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[0986] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[0987] 117. The medium of embodiment 116, further,
comprising:

[0988] the instructions to generate the set of simulated
market scenarios using the set of deep learning neural
networks are structured to comprise instructions to:
[0989] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[0990] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;
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[0991] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[0992] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[0993] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[0994] 118. The medium of embodiment 117, further,
comprising:

[0995] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[0996] determine, via at least one processor, a historical
data set, a rolling window period length, and a set of
market factors;

[0997] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[0998] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[0999] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1000] 119. The medium of embodiment 118, further,
comprising:

[1001] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[1002] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.

[1003] 120. The medium of embodiment 119, further,
comprising:

[1004] the processor-executable instructions structured as:
[1005] determine, via at least one processor, that his-

torical data for the market factor during the rolling

window period is unavailable for a time point; and

[1006] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method.

[1007] 121. The medium of embodiment 118, further,
comprising:

[1008] the rolling window period length is structured to be
equal to the time period length.

[1009] 122. The medium of embodiment 117, further,
comprising:

[1010] the set of time period buckets is structured to have
an equal fixed length for each time period bucket.
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[1011] 123. The medium of embodiment 117, further,
comprising:

[1012] the set of time period buckets is structured to have
a variable length for each time period bucket, the variable
length for each time period bucket determined by judging
the overall goodness of fit between the set of simulated
market scenarios and the set of historical market sce-
narios.

[1013] 124. The medium of embodiment 117, further,
comprising:

[1014] the instructions to train a deep learning neural
network for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[1015] select, via at least one processor, a historical
market scenario from the associated subset of historical
market scenarios; and

[1016] train, via at least one processor, the deep learning
neural network for the time period bucket on the
selected historical market scenario using a variational

autoencoder.
[1017] 125. The medium of embodiment 124, further,
comprising:
[1018] the deep learning neural network for the time

period bucket is trained to generate a set of Gaussian
mixture latent variables.
[1019] 126. The medium of embodiment 125, further,
comprising:
[1020] the instructions to generate simulated market sce-
narios for the time period bucket, using the trained deep
learning neural network associated with the time period
bucket, are structured to comprise instructions to:
[1021] generate, via at least one processor, a set of
random values for the set of Gaussian mixture latent
variables; and

[1022] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.

[1023] 127. The medium of embodiment 116, further,
comprising:

[1024] the processor-executable instructions structured as:
[1025] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.

[1026] 128. The medium of embodiment 116, further,
comprising:

[1027] the processor-executable instructions structured as:
[1028] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified business cycle settings.

[1029] 129. The medium of embodiment 116, further,
comprising:

[1030] the processor-executable instructions structured as:
[1031] initialize, via at least one processor, starting

portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

[1032] 130. The medium of embodiment 116, further,
comprising:

[1033] the portfolio weights of securities in the universe of
securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.
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[1034] 131. A machine learning portfolio generating pro-
cessor-implemented system, comprising:

[1035] means to process processor-executable instruc-
tions;
[1036] means to issue processor-issuable instructions from

a processor-executable component collection via the
means to process processor-executable instructions, the
processor-issuable instructions structured as:

[1037] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[1038] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of deep learning neural networks,
each simulated market scenario in the set of simulated
market scenarios structured to comprise a set of simu-
lated market factor values;

[1039] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[1040] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[1041] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[1042] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[1043] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[1044] 132. The system of embodiment 131, further, com-
prising:

[1045] the instructions to generate the set of simulated
market scenarios using the set of deep learning neural
networks are structured to comprise instructions to:
[1046] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1047] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;
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[1048] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[1049] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[1050] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[1051] 133. The system of embodiment 132, further, com-
prising:
[1052] the instructions to determine the set of historical

market scenarios are structured to comprise instructions

to:

[1053] determine, via at least one processor, a historical
data set, a rolling window period length, and a set of
market factors;

[1054] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[1055] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1056] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1057] 134. The system of embodiment 133, further, com-
prising:
[1058] the instructions to calculate a change to a market

factor during a rolling window period are structured to

comprise instructions to:

[1059] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.

[1060] 135. The system of embodiment 134, further, com-
prising:
[1061] the processor-executable instructions structured as:

[1062] determine, via at least one processor, that his-
torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1063] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method.

[1064] 136. The system of embodiment 133, further, com-
prising:
[1065] the rolling window period length is structured to be

equal to the time period length.

[1066] 137. The system of embodiment 132, further, com-
prising:
[1067] the set of time period buckets is structured to have

an equal fixed length for each time period bucket.
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[1068] 138. The system of embodiment 132, further, com-
prising:
[1069] the set of time period buckets is structured to have

a variable length for each time period bucket, the variable
length for each time period bucket determined by judging
the overall goodness of fit between the set of simulated
market scenarios and the set of historical market sce-
narios.

[1070] 139. The system of embodiment 132, further, com-
prising:
[1071] the instructions to train a deep learning neural

network for a time period bucket using the associated

subset of historical market scenarios are structured to

comprise instructions to:

[1072] select, via at least one processor, a historical
market scenario from the associated subset of historical
market scenarios; and

[1073] train, via at least one processor, the deep learning
neural network for the time period bucket on the
selected historical market scenario using a variational
autoencoder.

[1074] 140. The system of embodiment 139, further, com-
prising:
[1075] the deep learning neural network for the time

period bucket is trained to generate a set of Gaussian
mixture latent variables.

[1076] 141. The system of embodiment 140, further, com-
prising:
[1077] the instructions to generate simulated market sce-

narios for the time period bucket, using the trained deep
learning neural network associated with the time period
bucket, are structured to comprise instructions to:

[1078] generate, via at least one processor, a set of
random values for the set of Gaussian mixture latent
variables; and

[1079] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.

1080] 142. The system of embodiment 131, further, com-
Y

prising:

[1081]

[1082] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.

1083] 143. The system of embodiment 131, further, com-
Y

prising:

[1084]

[1085] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified business cycle settings.

1086] 144. The system of embodiment 131, further, com-
Y

prising:

[1087]

[1088] initialize, via at least one processor, starting
portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

the processor-executable instructions structured as:

the processor-executable instructions structured as:

the processor-executable instructions structured as:
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[1089] 145. The system of embodiment 131, further, com-
prising:
[1090] the portfolio weights of securities in the universe of

securities are structured to be optimized by finding a

mixed integer linear programming portfolio solution.

[1091] 146. A machine learning portfolio generating pro-
cessor-implemented process, comprising executing pro-
cessor-executable instructions to:

[1092] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[1093] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of deep learning neural networks,
each simulated market scenario in the set of simulated
market scenarios structured to comprise a set of simu-
lated market factor values;

[1094] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[1095] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[1096] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[1097] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[1098] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[1099] 147. The process of embodiment 146, further,
comprising:

[1100] the instructions to generate the set of simulated
market scenarios using the set of deep learning neural
networks are structured to comprise instructions to:
[1101] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1102] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;
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[1103] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[1104] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[1105] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[1106] 148. The process of embodiment 147, further, com-
prising:
[1107] the instructions to determine the set of historical

market scenarios are structured to comprise instructions

to:

[1108] determine, via at least one processor, a historical
data set, a rolling window period length, and a set of
market factors;

[1109] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[1110] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1111] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1112] 149. The process of embodiment 148, further, com-
prising:
[1113] the instructions to calculate a change to a market

factor during a rolling window period are structured to

comprise instructions to:

[1114] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.

[1115] 150. The process of embodiment 149, further, com-
prising:
[1116] the processor-executable instructions structured as:

[1117] determine, via at least one processor, that his-
torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1118] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method.

[1119] 151. The process of embodiment 148, further, com-
prising:
[1120] the rolling window period length is structured to be

equal to the time period length.

[1121] 152. The process of embodiment 147, further, com-
prising:
[1122] the set of time period buckets is structured to have

an equal fixed length for each time period bucket.
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[1123] 153. The process of embodiment 147, further, com-
prising:
[1124] the set of time period buckets is structured to have

a variable length for each time period bucket, the variable
length for each time period bucket determined by judging
the overall goodness of fit between the set of simulated
market scenarios and the set of historical market sce-
narios.

[1125] 154. The process of embodiment 147, further, com-
prising:
[1126] the instructions to train a deep learning neural

network for a time period bucket using the associated

subset of historical market scenarios are structured to

comprise instructions to:

[1127] select, via at least one processor, a historical
market scenario from the associated subset of historical
market scenarios; and

[1128] train, via at least one processor, the deep learning
neural network for the time period bucket on the
selected historical market scenario using a variational
autoencoder.

[1129] 155. The process of embodiment 154, further, com-
prising:
[1130] the deep learning neural network for the time

period bucket is trained to generate a set of Gaussian
mixture latent variables.

[1131] 156. The process of embodiment 155, further, com-
prising:
[1132] the instructions to generate simulated market sce-

narios for the time period bucket, using the trained deep
learning neural network associated with the time period
bucket, are structured to comprise instructions to:
[1133] generate, via at least one processor, a set of
random values for the set of Gaussian mixture latent
variables; and
[1134] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.
[1135] 157. The process of embodiment 146, further, com-
prising:
[1136] the processor-executable instructions structured as:
[1137] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.
[1138] 158. The process of embodiment 146, further, com-
prising:
[1139] the processor-executable instructions structured as:
[1140] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified business cycle settings.
[1141] 159. The process of embodiment 146, further, com-
prising:
[1142] the processor-executable instructions structured as:
[1143] initialize, via at least one processor, starting
portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

[1144] 160. The process of embodiment 146, further, com-
prising:
[1145] the portfolio weights of securities in the universe of

securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.
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[1146] 201. A machine learning portfolio generating appa-
ratus, comprising:

[1147] a memory;
[1148] a component collection in the memory;
[1149] a processor disposed in communication with the

memory and configured to issue a plurality of processor-

executable instructions from the component collection,

the processor-executable instructions structured as:

[1150] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[1151] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of multi-variate mixture data-
structures, each simulated market scenario in the set of
simulated market scenarios structured to comprise a set
of simulated market factor values;

[1152] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[1153] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[1154] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[1155] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[1156] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[1157] 202. The apparatus of embodiment 201, further,
comprising:

[1158] the instructions to generate the set of simulated
market scenarios using the set of multi-variate mixture
datastructures are structured to comprise instructions to
[1159] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1160] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;



US 2022/0101438 Al

[1161] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
multi-variate mixture datastructure, from the set of
multi-variate mixture datastructures, using the subset of
historical market scenarios associated with the respec-
tive time period bucket;

[1162] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained multi-variate mixture datastructure
associated with the respective time period bucket; and

[1163] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
multi-variate mixture datastructure associated with the
respective time period bucket.

[1164] 203. The apparatus of embodiment 202, further,
comprising:

[1165] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[1166] determine, via at least one processor, a historical
data set and a set of market factors;

[1167] determine, via at least one processor, a set of
rolling window periods for the historical data set; and

[1168] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1169] each historical market scenario from the set of
historical market scenarios structured to comprise cal-
culated changes to the set of market factors during a
rolling window period.

[1170] 204. The apparatus of embodiment 203, further,
comprising:

[1171] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[1172] determine, via at least one processor, the delta
between values of the market factor at two time point
of the rolling window period.

[1173] 205. The apparatus of embodiment 204, further,
comprising:

[1174] the processor-executable instructions structured as:
[1175] determine, via at least one processor, that his-

torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1176] impute, via at least one processor, the unavail-
able historical data for the time point using a k-Nearest
Neighbors method.

[1177] 206. The apparatus of embodiment 203, further,
comprising:

[1178] the length of a rolling window period is structured
to be equal to the time period length.

[1179] 207. The apparatus of embodiment 202, further,
comprising:

[1180] the set of time period buckets is structured to have
a fixed length for each time period bucket.

[1181] 208. The apparatus of embodiment 202, further,
comprising:

[1182] the set of time period buckets is structured to have
variable lengths, the variable length for each time period
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bucket reflective of changes in volatilities and correlations

of the set of historical market scenarios.

[1183] 209. The apparatus of embodiment 203, further,
comprising:

[1184] the instructions to train a multi-variate mixture
datastructure for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[1185] determine, via at least one processor, for each
market factor from the set of market factors, a distri-
bution to use for the respective market factor for the
time period bucket;

[1186] fit, via at least one processor, for each market
factor from the set of market factors, the distribution to
use for the respective market factor for the time period
bucket using the associated subset of historical market
scenarios;

[1187] determine, via at least one processor, a copula for
the set of market factors for the time period bucket; and

[1188] train, via at least one processor, the multi-variate
mixture datastructure for the time period bucket using
the fitted distributions and the copula for the set of
market factors.

[1189] 210. The apparatus of embodiment 209, further,
comprising:

[1190] the instructions to fit the distribution to use for a
market factor for the time period bucket using the asso-
ciated subset of historical market scenarios are structured
to comprise instructions to calculate the mean of the
market factor’s values in the associated subset of histori-
cal market scenarios.

[1191] 211. The apparatus of embodiment 202, further,
comprising:

[1192] the instructions to generate simulated market sce-
narios for a time period bucket, using the trained multi-
variate mixture datastructure associated with the time
period bucket, are structured to comprise instructions to:
[1193] generate a simulated market scenario, from the

simulated market scenarios for the time period bucket,
by sampling the trained multi-variate mixture data-
structure associated with the time period bucket.

[1194] 212. The apparatus of embodiment 201, further,
comprising:

[1195]

[1196] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.

[1197] 213. The apparatus of embodiment 201, further,
comprising:
[1198]

[1199] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified business cycle settings.

[1200] 214. The apparatus of embodiment 201, further,
comprising:
[1201]

[1202] initialize, via at least one processor, starting
portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

the processor-executable instructions structured as:

the processor-executable instructions structured as:

the processor-executable instructions structured as:
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[1203] 215. The apparatus of embodiment 201, further,
comprising:

[1204] the portfolio weights of securities in the universe of
securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.

[1205] 216. A machine learning portfolio generating pro-
cessor-readable, non-transient medium, comprising pro-
cessor-executable instructions structured as:

[1206] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[1207] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of multi-variate mixture data-
structures, each simulated market scenario in the set of
simulated market scenarios structured to comprise a set
of simulated market factor values;

[1208] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[1209] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[1210] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[1211] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[1212] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[1213] 217. The medium of embodiment 216, further,
comprising:

[1214] the instructions to generate the set of simulated
market scenarios using the set of multi-variate mixture
datastructures are structured to comprise instructions to
[1215] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1216] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;
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[1217] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
multi-variate mixture datastructure, from the set of
multi-variate mixture datastructures, using the subset of
historical market scenarios associated with the respec-
tive time period bucket;

[1218] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained multi-variate mixture datastructure
associated with the respective time period bucket; and

[1219] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
multi-variate mixture datastructure associated with the
respective time period bucket.

[1220] 218. The medium of embodiment 217, further,
comprising:

[1221] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[1222] determine, via at least one processor, a historical
data set and a set of market factors;

[1223] determine, via at least one processor, a set of
rolling window periods for the historical data set; and

[1224] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1225] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1226] 219. The medium of embodiment 218, further,
comprising:

[1227] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[1228] determine, via at least one processor, the delta
between values of the market factor at two time point
of the rolling window period.

[1229] 220. The medium of embodiment 219, further,
comprising:

[1230] the processor-executable instructions structured as:
[1231] determine, via at least one processor, that his-

torical data for the market factor during the rolling

window period is unavailable for a time point; and

[1232] impute, via at least one processor, the unavail-
able historical data for the time point using a k-Nearest
Neighbors method.

[1233] 221. The medium of embodiment 218, further,
comprising:

[1234] the length of a rolling window period is structured
to be equal to the time period length.

[1235] 222. The medium of embodiment 217, further,
comprising:

[1236] the set of time period buckets is structured to have
a fixed length for each time period bucket.

[1237] 223. The medium of embodiment 217, further,
comprising:

[1238] the set of time period buckets is structured to have
variable lengths, the variable length for each time period
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bucket reflective of changes in volatilities and correlations

of the set of historical market scenarios.

[1239] 224. The medium of embodiment 218, further,
comprising:

[1240] the instructions to train a multi-variate mixture
datastructure for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[1241] determine, via at least one processor, for each
market factor from the set of market factors, a distri-
bution to use for the respective market factor for the
time period bucket;

[1242] fit, via at least one processor, for each market
factor from the set of market factors, the distribution to
use for the respective market factor for the time period
bucket using the associated subset of historical market
scenarios;

[1243] determine, via at least one processor, a copula
for the set of market factors for the time period bucket;
and

[1244] train, via at least one processor, the multi-variate
mixture datastructure for the time period bucket using
the fitted distributions and the copula for the set of
market factors.

[1245] 225. The medium of embodiment 224, further,
comprising:

[1246] the instructions to fit the distribution to use for a
market factor for the time period bucket using the asso-
ciated subset of historical market scenarios are structured
to comprise instructions to calculate the mean of the
market factor’s values in the associated subset of histori-
cal market scenarios.

[1247] 226. The medium of embodiment 217, further,
comprising:

[1248] the instructions to generate simulated market sce-
narios for a time period bucket, using the trained multi-
variate mixture datastructure associated with the time
period bucket, are structured to comprise instructions to:
[1249] generate a simulated market scenario, from the

simulated market scenarios for the time period bucket,
by sampling the trained multi-variate mixture data-
structure associated with the time period bucket.

[1250] 227. The medium of embodiment 216, further,
comprising:

[1251] the processor-executable instructions structured as:
[1252] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.

[1253] 228. The medium of embodiment 216, further,
comprising:

[1254] the processor-executable instructions structured as:
[1255] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified business cycle settings.

[1256] 229. The medium of embodiment 216, further,
comprising:

[1257] the processor-executable instructions structured as:
[1258] initialize, via at least one processor, starting

portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

[1259] 230. The medium of embodiment 216, further,
comprising:

[1260] the portfolio weights of securities in the universe of
securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.
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[1261] 231. A machine learning portfolio generating pro-
cessor-implemented system, comprising:

[1262] means to process processor-executable instruc-
tions;
[1263] means to issue processor-issuable instructions

from a processor-executable component collection via

the means to process processor-executable instructions,

the processor-issuable instructions structured as:

[1264] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[1265] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of multi-variate mixture data-
structures, each simulated market scenario in the set of
simulated market scenarios structured to comprise a set
of simulated market factor values;

[1266] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[1267] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[1268] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[1269] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[1270] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[1271] 232. The system of embodiment 231, further, com-
prising:

[1272] the instructions to generate the set of simulated
market scenarios using the set of multi-variate mixture
datastructures are structured to comprise instructions to
[1273] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1274] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;
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[1275] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
multi-variate mixture datastructure, from the set of
multi-variate mixture datastructures, using the subset of
historical market scenarios associated with the respec-
tive time period bucket;

[1276] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained multi-variate mixture datastructure
associated with the respective time period bucket; and

[1277] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
multi-variate mixture datastructure associated with the
respective time period bucket.

[1278] 233. The system of embodiment 232, further, com-
prising:
[1279] the instructions to determine the set of historical

market scenarios are structured to comprise instructions

to:

[1280] determine, via at least one processor, a historical
data set and a set of market factors;

[1281] determine, via at least one processor, a set of
rolling window periods for the historical data set; and

[1282] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1283] each historical market scenario from the set of
historical market scenarios structured to comprise cal-
culated changes to the set of market factors during a
rolling window period.

[1284] 234. The system of embodiment 233, further, com-
prising:
[1285] the instructions to calculate a change to a market

factor during a rolling window period are structured to

comprise instructions to:

[1286] determine, via at least one processor, the delta
between values of the market factor at two time point
of the rolling window period.

[1287] 235. The system of embodiment 234, further, com-
prising:
[1288] the processor-executable instructions structured as:

[1289] determine, via at least one processor, that his-
torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1290] impute, via at least one processor, the unavail-
able historical data for the time point using a k-Nearest
Neighbors method.

[1291] 236. The system of embodiment 233, further, com-
prising:
[1292] the length of a rolling window period is structured

to be equal to the time period length.

[1293] 237. The system of embodiment 232, further, com-
prising:
[1294] the set of time period buckets is structured to have

a fixed length for each time period bucket.

[1295] 238. The system of embodiment 232, further, com-
prising:
[1296] the set of time period buckets is structured to have

variable lengths, the variable length for each time period
bucket reflective of changes in volatilities and correlations
of the set of historical market scenarios.
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[1297] 239. The system of embodiment 233, further, com-
prising:
[1298] the instructions to train a multi-variate mixture

datastructure for a time period bucket using the associated

subset of historical market scenarios are structured to

comprise instructions to:

[1299] determine, via at least one processor, for each
market factor from the set of market factors, a distri-
bution to use for the respective market factor for the
time period bucket;

[1300] fit, via at least one processor, for each market
factor from the set of market factors, the distribution to
use for the respective market factor for the time period
bucket using the associated subset of historical market
scenarios;

[1301] determine, via at least one processor, a copula
for the set of market factors for the time period bucket;
and

[1302] train, via at least one processor, the multi-variate
mixture datastructure for the time period bucket using
the fitted distributions and the copula for the set of
market factors.

[1303] 240. The system of embodiment 239, further, com-
prising:
[1304] the instructions to fit the distribution to use for a

market factor for the time period bucket using the asso-
ciated subset of historical market scenarios are structured
to comprise instructions to calculate the mean of the
market factor’s values in the associated subset of histori-
cal market scenarios.

[1305] 241. The system of embodiment 232, further, com-
prising:
[1306] the instructions to generate simulated market sce-

narios for a time period bucket, using the trained multi-
variate mixture datastructure associated with the time
period bucket, are structured to comprise instructions to:
[1307] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
by sampling the trained multi-variate mixture data-
structure associated with the time period bucket.
[1308] 242. The system of embodiment 231, further, com-
prising:
[1309] the processor-executable instructions structured as:
[1310] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.
[1311] 243. The system of embodiment 231, further, com-
prising:
[1312] the processor-executable instructions structured as:
[1313] filter, via at least one processor, the set of simu-
lated market scenarios associated with the time period
length based on specified business cycle settings.
[1314] 244. The system of embodiment 231, further, com-
prising:
[1315] the processor-executable instructions structured as:
[1316] initialize, via at least one processor, starting
portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

[1317] 245. The system of embodiment 231, further, com-
prising:
[1318] the portfolio weights of securities in the universe of

securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.
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[1319] 246. A machine learning portfolio generating pro-
cessor-implemented process, comprising executing pro-
cessor-executable instructions to:

[1320] obtain, via at least one processor, a portfolio
construction request datastructure, the portfolio con-
struction request datastructure structured to include a
set of optimization parameters including a universe of
securities, a time period length, a conditional value at
risk portion, a conditional value at risk threshold, a
portfolio value amount;

[1321] determine, via at least one processor, a set of
simulated market scenarios associated with the time
period length, the set of simulated market scenarios
generated using a set of multi-variate mixture data-
structures, each simulated market scenario in the set of
simulated market scenarios structured to comprise a set
of simulated market factor values;

[1322] retrieve, via at least one processor, a set of
expected returns for securities in the universe of secu-
rities for the set of simulated market scenarios, each
expected return in the set of expected returns config-
ured as calculated for a security during a simulated
market scenario using:

[1323] the respective security’s conditional Beta dur-
ing the respective simulated market scenario, deter-
mined using a set of decision tree ensembles, trained
to estimate conditional Beta of the respective secu-
rity, based on a first subset of the set of simulated
market factor values, and

[1324] the respective security’s conditional default
probability during the respective simulated market
scenario, determined using a set of decision tree
ensembles, trained to estimate conditional default
probability of the respective security, based on a
second subset of the set of simulated market factor
values;

[1325] optimize, via at least one processor, portfolio
weights of securities in the universe of securities in
accordance with the conditional value at risk portion,
the conditional value at risk threshold, and the portfolio
value amount, using the set of expected returns, to
generate a set of tradeable transactions that maximize
expected portfolio return of an optimized portfolio; and

[1326] execute, via at least one processor, the set of
tradeable transactions to generate the optimized port-
folio.

[1327] 247. The process of embodiment 246, further,
comprising:

[1328] the instructions to generate the set of simulated
market scenarios using the set of multi-variate mixture
datastructures are structured to comprise instructions to

[1329] determine, via at least one processor, a set of
historical market scenarios and a set of time period
buckets;

[1330] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;

[1331] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
multi-variate mixture datastructure, from the set of
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multi-variate mixture datastructures, using the subset of

historical market scenarios associated with the respec-

tive time period bucket;

[1332] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained multi-variate mixture datastructure
associated with the respective time period bucket; and

[1333] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
multi-variate mixture datastructure associated with the
respective time period bucket.

[1334] 248. The process of embodiment 247, further,
comprising:

[1335] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[1336] determine, via at least one processor, a historical
data set and a set of market factors;

[1337] determine, via at least one processor, a set of
rolling window periods for the historical data set; and

[1338] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1339] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1340] 249. The process of embodiment 248, further,
comprising:

[1341] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[1342] determine, via at least one processor, the delta
between values of the market factor at two time point
of the rolling window period.

[1343] 250. The process of embodiment 249, further,
comprising:

[1344] the processor-executable instructions structured as:
[1345] determine, via at least one processor, that his-

torical data for the market factor during the rolling

window period is unavailable for a time point; and

[1346] impute, via at least one processor, the unavail-
able historical data for the time point using a k-Nearest
Neighbors method.

[1347] 251. The process of embodiment 248, further,
comprising:

[1348] the length of a rolling window period is structured
to be equal to the time period length.

[1349] 252. The process of embodiment 247, further,
comprising:

[1350] the set of time period buckets is structured to have
a fixed length for each time period bucket.

[1351] 253. The process of embodiment 247, further,
comprising:

[1352] the set of time period buckets is structured to have
variable lengths, the variable length for each time period
bucket reflective of changes in volatilities and correlations
of the set of historical market scenarios.
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[1353] 254. The process of embodiment 248, further,
comprising:

[1354] the instructions to train a multi-variate mixture
datastructure for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[1355] determine, via at least one processor, for each
market factor from the set of market factors, a distri-
bution to use for the respective market factor for the
time period bucket;

[1356] fit, via at least one processor, for each market
factor from the set of market factors, the distribution to
use for the respective market factor for the time period
bucket using the associated subset of historical market
scenarios;

[1357] determine, via at least one processor, a copula
for the set of market factors for the time period bucket;
and

[1358] train, via at least one processor, the multi-variate
mixture datastructure for the time period bucket using
the fitted distributions and the copula for the set of
market factors.

[1359] 255. The process of embodiment 254, further,
comprising:

[1360] the instructions to fit the distribution to use for a
market factor for the time period bucket using the asso-
ciated subset of historical market scenarios are structured
to comprise instructions to calculate the mean of the
market factor’s values in the associated subset of histori-
cal market scenarios.

[1361] 256. The process of embodiment 247, further,
comprising:

[1362] the instructions to generate simulated market sce-
narios for a time period bucket, using the trained multi-
variate mixture datastructure associated with the time
period bucket, are structured to comprise instructions to:
[1363] generate a simulated market scenario, from the

simulated market scenarios for the time period bucket,
by sampling the trained multi-variate mixture data-
structure associated with the time period bucket.

[1364] 257. The process of embodiment 246, further,
comprising:

[1365] the processor-executable instructions structured as:
[1366] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified ranges of allowable values for
specified customized market factors.

[1367] 258. The process of embodiment 246, further,
comprising:

[1368] the processor-executable instructions structured as:
[1369] filter, via at least one processor, the set of simu-

lated market scenarios associated with the time period
length based on specified business cycle settings.

[1370] 259. The process of embodiment 246, further,
comprising:

[1371] the processor-executable instructions structured as:
[1372] initialize, via at least one processor, starting

portfolio weights of securities in the universe of secu-
rities to benchmark portfolio weights of a benchmark
portfolio.

[1373] 260. The process of embodiment 246, further,
comprising:

[1374] the portfolio weights of securities in the universe of
securities are structured to be optimized by finding a
mixed integer linear programming portfolio solution.
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[1375] 301. A machine learning predefined scenario con-
structing apparatus, comprising:

[1376] a memory;

[1377] a component collection in the memory;

[1378] a processor disposed in communication with the

memory and configured to issue a plurality of processor-

executable instructions from the component collection,

the processor-executable instructions structured as:

[1379] obtain, via at least one processor, a user selection
of a set of simulated market scenarios via a simulation
selection interaction-interface mechanism, the set of
simulated market scenarios generated using a set of
deep learning neural networks, each simulated market
scenario in the set of simulated market scenarios struc-
tured to comprise a set of simulated market factor
values corresponding to a set of market factors;

[1380] determine, via at least one processor, a range of
unfiltered simulated market factor values for each mar-
ket factor from the set of market factors, the range of
unfiltered simulated market factor values for a market
factor structured to include a minimum simulated mar-
ket factor value and a maximum simulated market
factor value in the set of simulated market scenarios for
the respective market factor;

[1381] generate, via at least one processor, a set of
market factor interaction-interface mechanisms, each
market factor interaction-interface mechanism in the
set of market factor interaction-interface mechanisms
structured to be associated with a market factor from
the set of market factors and structured to display the
range of unfiltered simulated market factor values for
the respective market factor;

[1382] obtain, via at least one processor, a user modi-
fication to a range of allowable values of a market
factor from the set of market factors via the market
factor interaction-interface mechanism associated with
the modified market factor;

[1383] wupdate, via at least one processor, a set of
customized market factors from the set of market
factors based on the user modification;

[1384] determine, via at least one processor, a range of
allowable values for each customized market factor
from the set of customized market factors;

[1385] filter, via at least one processor, the set of simu-
lated market scenarios based on the determined ranges
of allowable values for the set of customized market
factors to determine a set of filtered simulated market
scenarios having simulated market factor values that
fall within the range of allowable values for each
customized market factors from the set of customized
market factors;

[1386] determine, via at least one processor, a range of
filtered simulated market factor values for each market
factor from the set of market factors, the range of
filtered simulated market factor values for a market
factor structured to include a minimum simulated mar-
ket factor value and a maximum simulated market
factor value in the set of filtered simulated market
scenarios for the respective market factor; and

[1387] generate, via at least one processor, an updated
set of market factor interaction-interface mechanisms,
each updated market factor interaction-interface
mechanism in the set of updated market factor inter-
action-interface mechanisms structured to be associ-
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ated with a market factor from the set of market factors

and structured to display the range of filtered simulated

market factor values for the respective market factor.

[1388] 302. The apparatus of embodiment 301, further,
comprising:

[1389] the instructions to generate the set of simulated
market scenarios using the set of deep learning neural
networks are structured to comprise instructions to:
[1390] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1391] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;

[1392] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[1393] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[1394] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[1395] 303. The apparatus of embodiment 302, further,
comprising:

[1396] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[1397] determine, via at least one processor, a historical
data set, a rolling window period length, and the set of
market factors;

[1398] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[1399] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1400] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1401] 304. The apparatus of embodiment 303, further,
comprising:

[1402] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[1403] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.
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[1404] 305. The apparatus of embodiment 304, further,
comprising:

[1405] the processor-executable instructions structured as:
[1406] determine, via at least one processor, that his-

torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1407] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method.

[1408] 306. The apparatus of embodiment 303, further,
comprising:

[1409] the rolling window period length is structured to be
equal to the time period length.

[1410] 307. The apparatus of embodiment 302, further,
comprising:

[1411] the set of time period buckets is structured to have
an equal fixed length for each time period bucket.

[1412] 308. The apparatus of embodiment 302, further,
comprising:

[1413] the set of time period buckets is structured to have
a variable length for each time period bucket, the variable
length for each time period bucket determined by judging
the overall goodness of fit between the set of simulated
market scenarios and the set of historical market sce-
narios.

[1414] 309. The apparatus of embodiment 302, further,
comprising:

[1415] the instructions to train a deep learning neural
network for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[1416] select, via at least one processor, a historical
market scenario from the associated subset of historical
market scenarios; and

[1417] train, via at least one processor, the deep learning
neural network for the time period bucket on the
selected historical market scenario using a variational
autoencoder.

[1418] 310. The apparatus of embodiment 309, further,
comprising:

[1419] the deep learning neural network for the time
period bucket is trained to generate a set of Gaussian
mixture latent variables.

[1420] 311. The apparatus of embodiment 310, further,
comprising:

[1421] the instructions to generate simulated market sce-
narios for the time period bucket, using the trained deep
learning neural network associated with the time period
bucket, are structured to comprise instructions to:
[1422] generate, via at least one processor, a set of

random values for the set of Gaussian mixture latent
variables; and

[1423] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.

[1424] 312. The apparatus of embodiment 301, further,
comprising:

[1425] the simulation selection interaction-interface
mechanism is structured to comprise a pricing date selec-
tion interaction-interface mechanism and a simulation
model selection interaction-interface mechanism.
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[1426] 313. The apparatus of embodiment 301, further,
comprising:

[1427] the range of unfiltered simulated market factor
values for a market factor structured to include an average
simulated market factor value in the set of simulated
market scenarios for the market factor; and

[1428] the range of filtered simulated market factor values
for the market factor structured to include an average
value in the set of filtered simulated market scenarios for
the market factor.

[1429] 314. The apparatus of embodiment 301, further,
comprising:

[1430] each market factor interaction-interface mecha-
nism in the set of market factor interaction-interface
mechanisms is structured to include a slider interaction-
interface mechanism to affect user modification to a range
of allowable values of a market factor associated with the
respective market factor interaction-interface mechanism.

[1431] 315. The apparatus of embodiment 301, further,
comprising:

[1432] the instructions to update the set of customized
market factors based on the user modification are struc-
tured to comprise instructions to add the modified market
factor to the set of customized market factors.

[1433] 316. The apparatus of embodiment 301, further,
comprising:

[1434] the instructions to update the set of customized
market factors based on the user modification are struc-
tured to comprise instructions to remove the modified
market factor from the set of customized market factors.

[1435] 317. The apparatus of embodiment 301, further,
comprising:

[1436] the processor-executable instructions structured as:
[1437] generate, via at least one processor, a predefined

scenario datastructure that includes a simulation iden-
tifier associated with the set of simulated market sce-
narios, identifiers of customized market factors from
the set of customized market factors, and the ranges of
allowable values for the set of customized market
factors.

[1438] 318. The apparatus of embodiment 301, further,
comprising:

[1439] the processor-executable instructions structured as:
[1440] generate, via at least one processor, a predefined

scenario datastructure that includes a simulation iden-
tifier associated with the set of simulated market sce-
narios, and identifiers of filtered simulated market
scenarios from the set of filtered simulated market
scenarios.

[1441] 319. The apparatus of embodiment 301, further,
comprising:

[1442] the processor-executable instructions structured as:
[1443] generate, via at least one processor, a set of

factor group filter interaction-interface mechanisms,
each factor group filter interaction-interface mecha-
nism in the set of factor group filter interaction-inter-
face mechanisms structured to be associated with a
subset of market factor interaction-interface mecha-
nisms from the set of market factor interaction-inter-
face mechanisms.

[1444] 320. The apparatus of embodiment 319, further,
comprising:

[1445] the processor-executable instructions structured as:
[1446] obtain, via at least one processor, a user selection

of a factor group filter interaction-interface mechanism
in the set of factor group filter interaction-interface
mechanisms; and

Mar. 31, 2022

[1447] generate, via at least one processor, a filtered set
of market factor interaction-interface mechanisms,
each filtered market factor interaction-interface mecha-
nism in the set of filtered market factor interaction-
interface mechanisms structured to be associated with
the selected factor group filter interaction-interface
mechanism.

[1448] 321. A machine learning predefined scenario con-
structing processor-readable, non-transient medium, com-
prising processor-executable instructions structured as:
[1449] obtain, via at least one processor, a user selection

of a set of simulated market scenarios via a simulation
selection interaction-interface mechanism, the set of
simulated market scenarios generated using a set of
deep learning neural networks, each simulated market
scenario in the set of simulated market scenarios struc-
tured to comprise a set of simulated market factor
values corresponding to a set of market factors;

[1450] determine, via at least one processor, a range of
unfiltered simulated market factor values for each mar-
ket factor from the set of market factors, the range of
unfiltered simulated market factor values for a market
factor structured to include a minimum simulated mar-
ket factor value and a maximum simulated market
factor value in the set of simulated market scenarios for
the respective market factor;

[1451] generate, via at least one processor, a set of
market factor interaction-interface mechanisms, each
market factor interaction-interface mechanism in the
set of market factor interaction-interface mechanisms
structured to be associated with a market factor from
the set of market factors and structured to display the
range of unfiltered simulated market factor values for
the respective market factor;

[1452] obtain, via at least one processor, a user modi-
fication to a range of allowable values of a market
factor from the set of market factors via the market
factor interaction-interface mechanism associated with
the modified market factor;

[1453] wupdate, via at least one processor, a set of
customized market factors from the set of market
factors based on the user modification;

[1454] determine, via at least one processor, a range of
allowable values for each customized market factor
from the set of customized market factors;

[1455] filter, via at least one processor, the set of simu-
lated market scenarios based on the determined ranges
of allowable values for the set of customized market
factors to determine a set of filtered simulated market
scenarios having simulated market factor values that
fall within the range of allowable values for each
customized market factors from the set of customized
market factors;

[1456] determine, via at least one processor, a range of
filtered simulated market factor values for each market
factor from the set of market factors, the range of
filtered simulated market factor values for a market
factor structured to include a minimum simulated mar-
ket factor value and a maximum simulated market
factor value in the set of filtered simulated market
scenarios for the respective market factor; and

[1457] generate, via at least one processor, an updated
set of market factor interaction-interface mechanisms,
each updated market factor interaction-interface
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mechanism in the set of updated market factor inter-

action-interface mechanisms structured to be associ-

ated with a market factor from the set of market factors
and structured to display the range of filtered simulated
market factor values for the respective market factor.

[1458] 322. The medium of embodiment 321, further,
comprising:

[1459] the instructions to generate the set of simulated
market scenarios using the set of deep learning neural
networks are structured to comprise instructions to:
[1460] determine, via at least one processor, a set of

historical market scenarios and a set of time period

buckets;

[1461] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;

[1462] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[1463] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[1464] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[1465] 323. The medium of embodiment 322, further,
comprising:

[1466] the instructions to determine the set of historical
market scenarios are structured to comprise instructions
to:

[1467] determine, via at least one processor, a historical
data set, a rolling window period length, and the set of
market factors;

[1468] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[1469] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1470] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1471] 324. The medium of embodiment 323, further,
comprising:

[1472] the instructions to calculate a change to a market
factor during a rolling window period are structured to
comprise instructions to:

[1473] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.
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[1474] 325. The medium of embodiment 324, further,
comprising:

[1475] the processor-executable instructions structured as:
[1476] determine, via at least one processor, that his-

torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1477] impute, via at least one processor, the unavail-
able historical data for the time point using a machine
learning method.

[1478] 326. The medium of embodiment 323, further,
comprising:

[1479] the rolling window period length is structured to be
equal to the time period length.

[1480] 327. The medium of embodiment 322, further,
comprising:

[1481] the set of time period buckets is structured to have
an equal fixed length for each time period bucket.

[1482] 328. The medium of embodiment 322, further,
comprising:

[1483] the set of time period buckets is structured to have
a variable length for each time period bucket, the variable
length for each time period bucket determined by judging
the overall goodness of fit between the set of simulated
market scenarios and the set of historical market sce-
narios.

[1484] 329. The medium of embodiment 322, further,
comprising:

[1485] the instructions to train a deep learning neural
network for a time period bucket using the associated
subset of historical market scenarios are structured to
comprise instructions to:

[1486] select, via at least one processor, a historical
market scenario from the associated subset of historical
market scenarios; and

[1487] train, via at least one processor, the deep learning
neural network for the time period bucket on the
selected historical market scenario using a variational

autoencoder.
[1488] 330. The medium of embodiment 329, further,
comprising:
[1489] the deep learning neural network for the time

period bucket is trained to generate a set of Gaussian
mixture latent variables.
[1490] 331. The medium of embodiment 330, further,
comprising:
[1491] the instructions to generate simulated market sce-
narios for the time period bucket, using the trained deep
learning neural network associated with the time period
bucket, are structured to comprise instructions to:
[1492] generate, via at least one processor, a set of
random values for the set of Gaussian mixture latent
variables; and

[1493] generate a simulated market scenario, from the
simulated market scenarios for the time period bucket,
from the generated set of random values using a neural
network decoder of the trained deep learning neural
network associated with the time period bucket.

[1494] 332. The medium of embodiment 321, further,
comprising:
[1495] the simulation selection interaction-interface

mechanism is structured to comprise a pricing date selec-
tion interaction-interface mechanism and a simulation
model selection interaction-interface mechanism.
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[1496] 333. The medium of embodiment 321, further,
comprising:

[1497] the range of unfiltered simulated market factor
values for a market factor structured to include an average
simulated market factor value in the set of simulated
market scenarios for the market factor; and

[1498] the range of filtered simulated market factor values
for the market factor structured to include an average
value in the set of filtered simulated market scenarios for
the market factor.

[1499] 334. The medium of embodiment 321, further,
comprising:

[1500] each market factor interaction-interface mecha-
nism in the set of market factor interaction-interface
mechanisms is structured to include a slider interaction-
interface mechanism to affect user modification to a range
of allowable values of a market factor associated with the
respective market factor interaction-interface mechanism.

[1501] 335. The medium of embodiment 321, further,
comprising:

[1502] the instructions to update the set of customized
market factors based on the user modification are struc-
tured to comprise instructions to add the modified market
factor to the set of customized market factors.

[1503] 336. The medium of embodiment 321, further,
comprising:

[1504] the instructions to update the set of customized
market factors based on the user modification are struc-
tured to comprise instructions to remove the modified
market factor from the set of customized market factors.

[1505] 337. The medium of embodiment 321, further,
comprising:

[1506] the processor-executable instructions structured as:
[1507] generate, via at least one processor, a predefined

scenario datastructure that includes a simulation iden-
tifier associated with the set of simulated market sce-
narios, identifiers of customized market factors from
the set of customized market factors, and the ranges of
allowable values for the set of customized market
factors.

[1508] 338. The medium of embodiment 321, further,
comprising:

[1509] the processor-executable instructions structured as:
[1510] generate, via at least one processor, a predefined

scenario datastructure that includes a simulation iden-
tifier associated with the set of simulated market sce-
narios, and identifiers of filtered simulated market
scenarios from the set of filtered simulated market
scenarios.

[1511] 339. The medium of embodiment 321, further,
comprising:

[1512] the processor-executable instructions structured as:
[1513] generate, via at least one processor, a set of

factor group filter interaction-interface mechanisms,
each factor group filter interaction-interface mecha-
nism in the set of factor group filter interaction-inter-
face mechanisms structured to be associated with a
subset of market factor interaction-interface mecha-
nisms from the set of market factor interaction-inter-
face mechanisms.

[1514] 340. The medium of embodiment 339, further,
comprising:

[1515] the processor-executable instructions structured as:
[1516] obtain, via at least one processor, a user selection

of a factor group filter interaction-interface mechanism
in the set of factor group filter interaction-interface
mechanisms; and
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[1517] generate, via at least one processor, a filtered set
of market factor interaction-interface mechanisms,
each filtered market factor interaction-interface mecha-
nism in the set of filtered market factor interaction-
interface mechanisms structured to be associated with
the selected factor group filter interaction-interface
mechanism.

[1518] 341. A machine learning predefined scenario con-
structing processor-implemented system, comprising:

[1519] means to process processor-executable instruc-
tions;

[1520] means to issue processor-issuable instructions from
a processor-executable component collection via the
means to process processor-executable instructions, the
processor-issuable instructions structured as:

[1521] obtain, via at least one processor, a user selection
of a set of simulated market scenarios via a simulation
selection interaction-interface mechanism, the set of
simulated market scenarios generated using a set of
deep learning neural networks, each simulated market
scenario in the set of simulated market scenarios struc-
tured to comprise a set of simulated market factor
values corresponding to a set of market factors;

[1522] determine, via at least one processor, a range of
unfiltered simulated market factor values for each mar-
ket factor from the set of market factors, the range of
unfiltered simulated market factor values for a market
factor structured to include a minimum simulated mar-
ket factor value and a maximum simulated market
factor value in the set of simulated market scenarios for
the respective market factor;

[1523] generate, via at least one processor, a set of
market factor interaction-interface mechanisms, each
market factor interaction-interface mechanism in the
set of market factor interaction-interface mechanisms
structured to be associated with a market factor from
the set of market factors and structured to display the
range of unfiltered simulated market factor values for
the respective market factor;

[1524] obtain, via at least one processor, a user modi-
fication to a range of allowable values of a market
factor from the set of market factors via the market
factor interaction-interface mechanism associated with
the modified market factor;

[1525] wupdate, via at least one processor, a set of
customized market factors from the set of market
factors based on the user modification;

[1526] determine, via at least one processor, a range of
allowable values for each customized market factor
from the set of customized market factors;

[1527] filter, via at least one processor, the set of simu-
lated market scenarios based on the determined ranges
of allowable values for the set of customized market
factors to determine a set of filtered simulated market
scenarios having simulated market factor values that
fall within the range of allowable values for each
customized market factors from the set of customized
market factors;

[1528] determine, via at least one processor, a range of
filtered simulated market factor values for each market
factor from the set of market factors, the range of
filtered simulated market factor values for a market
factor structured to include a minimum simulated mar-
ket factor value and a maximum simulated market
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factor value in the set of filtered simulated market
scenarios for the respective market factor; and

[1529] generate, via at least one processor, an updated
set of market factor interaction-interface mechanisms,
each updated market factor interaction-interface
mechanism in the set of updated market factor inter-
action-interface mechanisms structured to be associ-
ated with a market factor from the set of market factors
and structured to display the range of filtered simulated
market factor values for the respective market factor.

[1530] 342. The system of embodiment 341, further, com-
prising:
[1531] the instructions to generate the set of simulated

market scenarios using the set of deep learning neural

networks are structured to comprise instructions to:

[1532] determine, via at least one processor, a set of
historical market scenarios and a set of time period
buckets;

[1533] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a subset of historical market scenarios, from the set of
historical market scenarios, associated with the respec-
tive time period bucket;

[1534] train, via at least one processor, for each time
period bucket from the set of time period buckets, a
deep learning neural network, from the set of deep
learning neural networks, using the subset of historical
market scenarios associated with the respective time
period bucket;

[1535] determine, via at least one processor, for each
time period bucket from the set of time period buckets,
a number of simulated market scenarios to generate
using the trained deep learning neural network associ-
ated with the respective time period bucket; and

[1536] generate, via at least one processor, for each time
period bucket from the set of time period buckets, the
determined number of simulated market scenarios for
the respective time period bucket, using the trained
deep learning neural network associated with the
respective time period bucket.

[1537] 343. The system of embodiment 342, further, com-
prising:
[1538] the instructions to determine the set of historical

market scenarios are structured to comprise instructions

to:

[1539] determine, via at least one processor, a historical
data set, a rolling window period length, and the set of
market factors;

[1540] determine, via at least one processor, a set of
rolling window periods using the historical data set and
the rolling window period length; and

[1541] calculate, via at least one processor, for each
market factor from the set of market factors, for each
rolling window period from the set of rolling window
periods, a change to the respective market factor during
the respective rolling window period,

[1542] each historical market scenario from the set of
historical market scenarios structured to comprise
calculated changes to the set of market factors during
a rolling window period.

[1543] 344. The system of embodiment 343, further, com-
prising:
[1544] the instructions to calculate a change to a market

factor during a rolling window period are structured to
comprise instructions to:
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[1545] determine, via at least one processor, the delta
between values of the market factor at a beginning time
point and an ending time point of the rolling window
period.

[1546] 345. The system of embodiment 344, further, com-
prising:
[1547] the processor-executable instructions structured as:

[1548] determine, via at least one processor, that his-
torical data for the market factor during the rolling
window period is unavailable for a time point; and

[1549] impute, via at le