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AUTOMATED TIME SERIES FORECASTING PIPELINE RANKING

BACKGROUND

[6061] The present invention relates in general to computing systems, and more
particularly, to various embodiments for ranking time series forecasting machine learning

pipelines in a computing system using a computing processor.

SUMMARY

{6002] According to an embodiment of the present invention, a method for ranking time
series forecasting machine iearning pipelines in a computing environment, by one or more
processors, in a computing system. Time series data may be incrementally allocated from a
time series data set for testing by candidate machine learning pipelines based on seasonality or
a degree of temporal dependence of the time series data. Intermediate evaluation scores may be
provided by each of the candidate machine learning pipelines following each time series data
allocation. One or more machine learning pipelines may be automatically selected from a
ranked list of the one or more candidate machine learning pipelines based on a projected

learning curve geverated from the intermediate evaluation scores.

[0003] In an additional embodiment, defined subsets of the time series data may be
allocated backward in time to each of the one or more candidate machine learning pipelines. A

portion of the time series data exceeding a time-based threshold may be identified as historical
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ume series data. The historical time series data 1s less accurate training data as compared to

more recent training data.

[6004] In ancther embodiment, candidate maching learning pipelines may be tramed and
evaluated for each allocation of time series data. The allocation amount of training data may
merementally increase in the one or more candidate machine learning pipelines based on an
intermediate evaluation score from one or more previous allocation amounts of training data.
A learning curve generated from each of the intermediate evaluation scores may be
determined/computed. Each of the candidate machine learning pipelines may be ranked based

on the projected learming curve.

EHEERY An embodiment includes a computer usable program product. The computer usable
program product includes a computer-readable storage device, and program instructions stored

on the storage device.

{0006 An embodiment includes a computer system. The computer system includes a
processor, a computer-readable memory, and a computer-readable storage device, and program

mstructions stored on the storage device for execution by the processor via the memory.

[0007] Thus, 1n addition to the foregoing exemplary method embodiments, other exemplary
system and computer product embodiments for automated evaluation of robustness of machine

learning models under adaptive whitebox adversarial operation are provided.
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BRIEF DESCRIPTION OF THE DRAWINGS

{6068] Figure 1 15 a block diagram depicting an exemplary cloud computing node

according to an embodiment of the present invention;

{6069] Figure 2 depicts a cloud computing environment according to an embodiment of the

present invention;

{6010} Figure 3 depicts abstraction model layers according to an embodiment of the present

mnvention;

{6011} Figure 4 s an additional block diagram depicting an exemplary functional

relationship between various aspects of the present invention;

{8012] Figure 5 depicts a machine learning pipeline in a computing environment according

to an embodiment of the present invention;

[3013] Figure 6 1s a block flow diagram depicting an exemplary system and functionality
for joint optimization for ranking tumne series forecasting machine learning pipelines m a
computing environment, by a processor, in which aspects of the present invention may be

realized;
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[6014] Figure 7 15 block diagram depicting an exerplary systern and functionality for joint
optinuzation for automated time series forecasting pipeline generation in a computing

environment, by a processor, 1n which aspects of the present invention may be realized,;

{6015} Figure 8 15 a graph diagram depicting a joint optumization score and output
allocation m a computing environment, by a processor, in which aspects of the present

invention may be realized; and

[0016] Figure 9 18 an additional flowchart diagram depicting an additional exemplary
method for ranking time series forecasting machine learning pipelines in a computing

environment, by a processor, in which aspects of the present invention may be realized.
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DETAILED DESCRIPTION OF THE DRAWINGS

{6017} The present invention relates generally to the field of artificial intelligence (“AT”)
such as, for example, machine learning and/or deep learning. Machine learning allows for an
automated processing system {a “machine”}, such as a computer system or specialized
processing circutt, 1o develop generalizations about particular datasets and use the
generalizations to solve associated problems by, for example, classifyving new data. Oncea
machine learns generalizations from (or s tramed using) known properties from the input or

training data, it can apply the generalizations to future data to predict unknown properties.

{6018} Moreover, machine learning 1s a form of Al that enables a system to learn from data
rather than through explicit programming. A major focus of machine learning research is to
automatically learn to recognize complex patterns and make intelligent decisions based on data,
and more efficiently train machine learning models and pipelines. However, machine learning
is not a simple process. As the algorithms ingest training data, 1t 1s then possible to produce
more precise models based on that data. A machine-learning model s the output generated
when a machine-learning algorithm is trained with data. After training, input is provided to the
machine learning model which then generates an ocutput. For example, a predictive algorithm
may create a predictive model. Then, the predictive model 15 provided with data and a

prediction 1s theo generated (e.g., “output”) based on the data that trained the model.

[3019] Machine learning enables machine learning models to train on datasets before being

deployed. Some machine- learning models are online and continuous. This iterative process of



WO 2022/174792 PCT/CN2022/076660

online models leads to an improvement in the types of associations made between data
elements. Different conventional techniques exist to create machine learning models and
neural network models. The basic prerequisites across existing approaches include having a
dataset, as well as basic knowledge of machine learming model synthests, neural network

architecture synthesis and coding skills.

[{60206] In one aspect, automated Al machine learning (“ML”) systems (“AutoAl systems”
or automated machine learning systerns “auto ML system”) may generate multiple (e.g.,
hundreds) machine learning pipelines. Designing a machine learning pipeline mmvolves several
decisions such as, for example, which data preparation and preprocessing operations should be
apphied, which machine algornithm should be used with which settings (hyperparameters). Al
machine learning systems may automatically search for an approved or satisfactorily
performing pipeline. For this purpose, several machine learning pipelines may be selected and
trained to convergence. lts performance is estimated on a hold-out set of the data. However,
traming a machine learning model on an entire dataset, particularly a time series data set, and

waiting until convergence is time consuming,

{0021} Time-series data is generated in many systems and often forms the basis for
forecasting and predicting future events in these systems. For example, in a data-center, a
monitoring system could generate tens to hundreds of thousands of time-series data, each
representing the state of a particular component (e.g., processor and memory utilization of
servers, bandwidth utilization of the network links, etc.). Auto-Regressive Integrated Moving-
Average (“ARIMA”} 1s a class of statistical models used for modeling time-series data and

forecasting future values of the tine-series. Such modeling and forecasting can then be used
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for predicting events in the future and taking proactive actions and/or for detecting abnormal
trend. Time series analytics is crucial in various types of industries such as, for example in the
financial, mternet of things (“10T7), and/or technical industries. Time series may be noisy and
complex and require large datasets, significant amount of time and expertise to tramn

meaningful models, if possible.

[6622] Thus, challenges arise i traimung and wdentifying optimize machine learning
pipelines particularly as it relates to time series data. In one aspect, a machine learning pipeline
may refer to a workflow including a series of transformers and estimators, as tilustrated in Fig.
5, depicting an exemplary machine learning pipeline. As such, identifying and selecting
optimized machine learning pipelines are crucial components in automated machine learning
systems for time series forecasting. Additionally, quickly identifying ranked machine learning
pipelines for time series machine learning pipeline forecasting 1s a challenge. For example,
wdentifying optimized or “top performing” machine learning pipelines for time series
forecasting 1s difficult due to 1) large data sets from vastly different domains, 2) complexity of
multimodal and multivariate time series, and/or 3} a large numbers of estimators and
transformers in the machine learning pipeline. Also, evaluation-based operations executing
machine learning pipelines with data allocation create additional challenges with time series
forecasting due to inefficient data allocation scheme such as, for example, a machine learning
pipeline’s performance being projected by a sumple linear regression and data 1s allocated in
fixed stages without taking into account input time series characteristics. Moreover,
evaluation-based operations executing machine learning pipelines are designed for tabular data

and not directly applicable to time series (“TS7) data, due to 1) time series data 13 sequential; s
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order cannot be randomized, 2) time series data has seasonality and trend, which should be
considered in the data allocation schema, and 3) data evolves over time, 50 the historical data
become less and less relevant as time passes. In this way, the assumption that more tramning

data leads to higher accuracy 18 inaccurate.

[6023] Agccordingly, a need exist for providing an automatic evaluation and diagnosis of
machine learning pipehines for time series machine learning pipeline forecasting. More
particularly, a need exits for ranking time series forecasting machine learning pipelines for time
series machine learning pipeline forecasting. As such, various embodiments of the present
invention provide for and automated machine learning system that select machine learning
pipelines using an evaluation-based joint optimizer, which runs machine learning pipelines with

meremental data allocation.

[0024] Thus, as described herein, mechanisms of the tlustrated embodiments provide for
an automated machine learning system using an “evaluation-based joint optimizer” (“joint
optimizer”) that executes machine learning pipelines by performing time series data allocation
and caches pre-computed features to improve runtime. The joint optimizer may 1) determine
an allocation size based on time series characteristics of time series data {(e.g., input data), 2)
perform data allocation backward in time, and/or 3) caches pre-computed features and updates

final estimator.

[0025] Mechanisms of the dlustrated embodiments provide advantages over the current
state of the art by providing time series data allocation using upper bounds (“TDAUB”) for the

joint optimization of ftime series pipelines based on incremental data allocation and learning
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curve projection. The TDAUB may be based on a data allocation strategy, referred herein as a
data allocation using upper bounds (“DAUB”) model, following the principle of optimism
under uncertainty. That 1s, under mild assumptions of durunishing returns of allocating more
training data, the DAUB model achieves sub-hinear regret in terms of misallocated data, which
extends to sub-linear regret in terms of the traming cost when the traiming cost functions are not
too disstmilar. Further, the DAUB model obtains, without further assumptions on accuracy
functions, a bound on misallocated data that 1s asymptotically tight. In this way, a system
atilizing the BAUB model can provide data scientists with live and dynamic monitoring and
analysis of a wide range of analytic tools {e.g., the automated tool) and an ability to interact
with this system, even when the given data sets are large and training the classifiers could take

weeks on the full data set.

{0026} In using the TDAUB operation for joint optimization, embodiments of the present
mvention may provide jomt optimization of time series pipelines based on incremental data
allocation and learning curve projections. A data allocation size of time series data may be
determined based on one or more characteristics of a time series data set. 1t should be noted
that data allocation 1s critical since the input data may be large in size and the input set of
candidate machine learning pipelines may be large. If each candidate machine learning
pipeline 1s provided the entire input dataset, the automated Al machine learning system run
time may be too time consuming, especially if hyperparameter optimization ("HPO”) 15 utilized
to fine tune candidate pipelines. The data allocation of time series data thus allocates a smaller

portion of original timne series dataset to candidate machine learning pipelines. A subset of

machine learning pipelines 15 selected from the candidate machine learning pipelines based on
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performance on a reduced dataset. The time series data may be allocated for use by candidate

machine learning pipelines based on the data allocation size.

{6027} Features for the tume series data may be determined and cached by the candidate
machine learning pipehines. Predictions of each of the candidate machine learning pipelines
using at least the one or more features may be evaluated. A ranked list of machine learning
pipelines may be automatically generated from the candidate machine learning pipelines for
time series forecasting based upon evaluating predictions of each of the one or more candidate
machine learning pipelines. The learning curves {which may inclhude one or more partial

learning curves) may predicts a machine learning pipeline performance level.

{0028] In an additional embodiment, a sequential order of the time series data set may be
used while allocating the time series data based on the data allocation size. A holdout data set,
a test data set, and a training data set may be identified and determined from the time series
data for allocating the time series data. The time series data may be allocated backward in

time.

{0029] In another embodiment, candidate machine learning pipelines may be to train and
evaluated using the time series data, the hold data set, a test data set, and a training data set

from the time series data.

[3030] In another embodiment, the features may be combined with previously determined

features for use by the one or more candidate machine learnung pipelines and the features may

be cached at a final estimator of the one or more candidate machine learning pipelines.

10
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[60631] It should be noted, as used herein, there may be two types of learning curves. In one
aspect, (e.g., definttion 1}, a learning curve may be a function that maps a number of training
iterations spent to a validation loss. In an alternative aspect, (e.g., definition 2}, a learning
curve may be a function that maps the fraction of data used from the entire training data to the
vahdation foss. The learning curves may become longer the more training time 1s spent for the
machine learning model. Thus, the mechanisms of the dlustrated embodiments, such as, for
example, an automated machine fearning system, 1s enabled to process and handle each
learning curve that have an arbitrary length and both definition types {e.g., the various learning

curve may can even be combined).

{6032} In one aspect, a validation loss may be a metric that defines how well (e.g, a
measurable value, ranking, range of values, and/or a percentage indicating a performance level}
a machine learning model performs. The validation loss may be the loss computed on data that
has not been used to train the machine learning model and gives an idea how well the model

will perform when being used in practice on new data.

{0033] In an additional aspect, as used herein, a machine learning pipeline may be one or
MOre processes, operations, or steps to train a machine learning process or model (e g., creating
computing application code, performing various data operations, creating one or more machine
learning models, adjusting and/or tuning a machine learning model or operation, and/or various
defined continuous operations involving machine learning operations). In addition, a machine
learning pipeline may be one or more machine learning workflows that may enable a sequence

of data to be transformed and correlated together in a machine learning model that may be

11
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tested and evaluated to achieve an outcome. Additionally, a trained machine learning pipehine
may include an arbitrary combination of different data curation and preprocessing steps. The
machine learning pipeline may include at least one machine learning model. Also, a trained

machine learning pipeline may include at least one trained machine learning model.

[06034] In one aspect, a machine learning model may be a system that takes as input the
curated and preprocessed data and will cutput a prediction {e.g., the output of all steps that
happened before in the machine learning pipeline}, depending on the task, and the prediction
may be a forecast, a class, and/or a more complex output such as, for example, sentences in
case of translation. In another aspect, a machine-learning model is the output generated upon
training a machine-learning algorithm with data. After training, the machine learning model

may be provided with an input and the machine learning model will provide an cutput.

{8035] In general, as used herein, “optimize” may refer to and/or defined as “maximize,”
“minimize,” or attain one or more specific targets, objectives, goals, or intentions. Optimize
may also refer to maximizing a benefit to a user (e.g., maximize a trained machine learning

pipeline/model benefit). Optimize may also refer to making the most effective or functional

use of a sttuation, opportunity, or resource.

{0036] Additionally, optimizing need not refer to a best solution or result but may referto a
solution or result that “is good enough” for a particular application, for example. In some
mmplementations, an objective 1s to suggest a “best” combination of preprocessing operations

(“preprocessors”y and/or machine learning models/machine learning pipelines, but there may

12
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be a variety of factors that may result in alternate suggestion of a combination of preprocessing
operations {“preprocessors”} and/or machine learning models yielding better results. Herein,
the term “optimize” may refer to such results based on minima {or maxima, depending on what
parameters are considered 1n the optimization problem). In an additional aspect, the terms
“optimize” and/or “opturuzing” may refer to an operation performed in order to achieve an
mproved result such as reduced execution costs or increased resource utilization, whether or
not the optimum result 15 actually achieved. Simularly, the term “optimize” may refer to a
component for performing such an improvement operation, and the term “optimized” may be

used to describe the result of such an improvement operation.

{6037} It 1s understood in advance that although this disclosure includes a detailed
description on cloud computing, implementation of the teachings recited herein are not himited
to a cloud computing environment. Rather, embodiments of the present invention are capable
of being implemented in conjunction with any other type of computing environment now

known or later developed.

{0038] Cloud computing is a model of service delivery for enabling convenient, on-demand
network access to a shared pool of configurable computing resources (e.g. networks, network
bandwidth, servers, processing, memory, storage, applications, virtual machines, and services)
that can be rapidly provisioned and released with nunimal management effort or interaction

with a provider of the service.  This cloud model may include at least five characteristics, at

least three service models, and at least four deployment models.

13
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[06039] Characteristics are as follows:

{6040} Ou-demand self-service: a cloud consumer can unulaterally provision computing
capabilities, such as server time and network storage, as needed automatically without requiring

human ateraction with the service’s provider.

{6041} Broad network access: capabilities are available over a network and accessed
through standard mechanisms that promote use by heterogeneous thin or thick chient platforms

(e.g., mobile phones, laptops, and PDAs).

[0042] Resource pooling: the provider’s computing resources are pooled to serve multiple
consumers using a multi-tenant model, with different physical and virtual resources
dynamically assigned and reassigned according to demand. There is a sense of location
independence in that the consumer generally has no control or knowledge over the exact
location of the provided resources but may be able to specify location at a higher level of

abstraction {(e.g., country, state, or datacenter).

[0043] Rapid elasticity: capabilities can be rapidly and elastically provisioned, in some
cases automatically, to quickly scale out and rapidly released to quickly scale in. To the
consumer, the capabilities available for provisioning often appear to be unlimited and can be

purchased in any quantity at any time.

14
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[6044] Measured service: cloud systems automatically control and optimize resource use by
leveraging a metering capability at some level of abstraction appropriate to the type of service
(e.g., storage, processing, bandwidth, and active user accounts).  Resource usage can be
monitored, controlled, and reported providing transparency for both the provider and consumer

of the utithized service.

{6045} Service Models are as follows:

{6046} Software as a Service {SaaS): the capability provided to the consumer 13 to use the
provider’s applications running on a cloud infrastructure.  The applications are accessible from
various client devices through a thin client interface such as a web browser (e.g., web-based e-
mail). The consumer does not manage or control the underlying cloud infrastructure including
network, servers, operating systems, storage, or even individual application capabtlities, with

the possible exception of limited user-specific application configuration settings.

{0047] Platform as a Service {(PaaS): the capability provided to the consumer 1s o deploy
onto the cloud infrastructure consumer-created or acquired applications created using
programming languages and tools supported by the provider. The consumer does not manage
or control the underlving cloud infrastructure inchuding networks, servers, operating systems, or
storage, but has control over the deployed applications and possibly application hosting

environment configurations.

15
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[6048] Infrastructure as a Service (I1aaS): the capability provided to the consumer is to
provision processing, storage, networks, and other fundamental computing resources where the
consumer 13 able to deploy and run arbitrary software, which can include operating systems and
applications. The consumer does not manage or control the underlying cloud nfrastructure but
has control over operating systems, storage, deployed applications, and possibly limited control

of select networking components {e.g., host firewalls).

{6049} Deployment Models are as follows:

LR Private cloud: the cloud infrastracture is operated solely for an organization. It may

be managed by the organization or a third party and may exist on-premises or off-premises.

{0051} Community cloud: the cloud infrastructure 1s shared by several organizations and
supports a specific community that has shared concerns (e.g., mission, security requirements,
policy, and compliance considerations). It may be managed by the organizations or a third

party and may exist on-premises or off-prenmuises.

[0052] Public cloud: the cloud infrastructure 1s made available to the general publicora

large industry group and is owned by an organization selling cloud services.

[0053] Hybrid cloud: the cloud infrastructure 15 a composition of two or more clouds

{(private, community, or public) that remain unique entities but are bound together by

16



WO 2022/174792 PCT/CN2022/076660

standardized or proprietary technology that enables data and application portability (e.g., cloud

bursting for load-balancing between clouds).

[06054] A cloud computing environment 1s service oriented with a focus on statelessness,
low coupling, modularity, and semantic interoperability. At the heart of cloud computing is an

mfrastructure comprising a network of interconnected nodes.

{6055} Referring now to Fig. 1, a schematic of an example of a cloud computing node is
shown. Cloud computing node 10 1s only one example of a suitable cloud computing node and
is not intended to suggest any limitation as to the scope of use or functionality of embodiments
of the invention described herein.  Regardless, cloud computing node 10 is capable of being

implemented and/or performing any of the functionality set forth hereinabove.

{8056} In cloud computing node 10 there 1s a computer system/server 12, which is
operational with numerous other general purpose or special purpose computing system
environments or configurations. Examples of well-known computing systems, environments,
and/or configurations that may be suitable for use with computer system/server 12 include, but
are not limited to, personal computer systems, server computer systems, thin chients, thick
chients, hand-held or laptop devices, multiprocessor systems, microprocessor-hased systems, set
top boxes, programmable consumer electronics, network PCs, minicomputer systems,
mainframe computer systems, and distributed cloud computing environments that include any

of the above systems or devices, and the hike.

17
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[06057] Computer systemv/server 12 may be described in the general context of computer
system-executable instructions, such as program modules, being executed by a computer
system.  Generally, program modules may mclude routines, programs, objects, components,
logic, data structures, and so on that perform particular tasks or implement particular abstract
data types. Computer system/server 12 may be practiced o distributed cloud computing
environments where tasks are performed by remote processing devices that are hinked through a
communications network.  In a distributed cloud computing environment, program modules
may be located in both local and remote computer system storage media including memory

storage devices.

{6058} As shown in Fig. 1, computer system/server 12 in cloud computing node 10 15
shown in the form of a general-purpose computing device. The components of computer
system/server 12 may include, but are not limited 1o, one or more processors orF processing
units 16, a system memory 28, and a bus 18 that couples various system components including

system memory 28 to processor 16,

{0059] Bus 18 represents one or more of any of several types of bus structures, including a
memory bus or memory controlier, a peripheral bus, an accelerated graphics port, and a

processor or local bus using any of a variety of bus architectures. By way of example, and not
limitation, such architectures include Industry Standard Architecture (ISA) bus, Micro Channel
Architecture (MCA)} bus, Enhanced ISA (EISA) bus, Video Electronics Standards Association

(VESA) local bus, and Peripheral Component Interconnects (PCI) bus.

18
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[06060] Computer systemy/server 12 typically includes a variety of computer system readable
media. Such media may be any available media that 1s accessible by computer system/server

12, and 1t includes both volatile and non-volatile media, removable and non-removable media,

[6061] System memory 28 can include computer system readable media in the form of
volatile memory, such as random-access memory {RAM) 30 and/or cache memory 32,
Computer system/server 12 may further include other removable/non-removable, volatile/non-
volatile computer system storage media. By way of example only, storage system 34 can be
provided for reading from and writing to a non-removable, non-volatile magnetic media {not
shown and typically called a "hard drive"). Although not shown, a magnetic disk drive for
reading from and writing to a removable, non-volatile magnetic disk (e.g., a "floppy disk"), and
an optical disk drive for reading from or writing to a removable, non-volatile optical disk such
as a CD-ROM, DVD-ROM or other optical media can be provided. In such instances, each
can be connected to bus 18 by one or more data media mterfaces. As will be further depicted
and described below, system memory 28 may include at least one program product having a set
(e.g., at least one) of program modules that are configured to carry out the functions of

embodiments of the invention.

[0062] Program/utility 40, having a set (at least one) of program modules 42, may be stored
n system memory 28 by way of example, and not limitation, as well as an operating system,
one or more application programs, other program modules, and program data. Fach of the
operating system, one or more application programs, other program modules, and program data

or some combination thereof, may include an implementation of a networking environment.
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Program modules 42 generally carry out the functions and/or methodologies of embodiments of

the invention as described herein

[0063] Computer system/server 12 may also communicate with one or more external
devices 14 such as a keyboard, a pomting device, a display 24, etc.; one or more devices that
enable a user to interact with computer system/server 12; and/or any devices {e.g., network
card, modem, etc ) that enable computer system/server 12 to communicate with one or more
other computing devices. Such communication can occur via Input/Output (0) mterfaces 22
Stifl vet, computer systeny/server 12 can communicate with one or more networks such as a
local area network {LAN}), a general wide area network (WAN), and/or a public network (e.g.,
the Internet) via network adapter 20.  As depicted, network adapter 20 commumicates with the
other components of computer systemy/server 12 via bus 18, It should be understood that
although not shown, other hardware and/or software components could be used in conjunction
with computer systenmy/server 12. Examples, include, but are not limited to: microcode, device
drivers, redundant processing units, external disk drive arrays, RAID systems, tape drives, and

data archival storage systems, etc.

[0064] Referring now to Fig. 2, illustrative cloud computing environment 50 1s depicted.

As shown, cloud computing environment 50 comprises one or more cloud computing nodes 10
with which local computing devices used by cloud consumers, such as, for example, personal
digital assistant (PDA) or cellular telephone S4A, desktop computer 548, laptop computer 34C,
and/or autoroobile computer systern 54N may coromunicate.  Nodes 10 may conunuricate with

one another. They may be grouped (not shown) physically or virtually, in one or more
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networks, such as Private, Community, Public, or Hybrid clouds as described hereinabove, or a
combination thereof. This allows cloud computing environment 30 to offer infrastructure,
platforms and/or software as services for which a cloud consumer does not need to maintain
resources on a local computing device. It 13 understood that the types of computing devices
S4A-N shown in Fig. 2 are intended to be illustrative only and that computing nodes 10 and
cloud computing environment 50 can communicate with any type of computerized device over

any type of network and/or network addressable connection (e.g., using a web browser).

{6065} Referring now to Fig. 3, a set of functional abstraction layers provided by cloud
computing environment 50 (Fig. 2} 1s shown. 1t should be understood in advance that the
components, lavers, and functions shown in Fig. 3 are intended to be illustrative only and
embodiments of the mvention are not limited thereto. As depicted, the following layers and

corresponding functions are provided:

{8066} Device layer 55 includes physical and/or virtual devices, embedded with and/or
standalone electronics, sensors, actuators, and other objects to perform various tasks in a cloud
computing environment 50, Each of the devices 1n the device layer 55 incorporates networking
capability to other functional abstraction layers such that information obtained from the devices
may be provided thereto, and/or information from the other abstraction layers may be provided
to the devices. In one embodiment, the various devices inclusive of the device layer 55 may
meorporate a network of entities collectively known as the “internet of things” (IoT). Sucha
network of entities allows for mterconumnunication, collection, and dissemination of data to

accomplish a great variety of purposes, as one of ordinary skill in the art will appreciate.
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[06067] Device layer 55 as shown includes sensor 52, actuator 53, “learning” thermostat 56

~r
7
7

with integrated processing, sensor, and networking electronics, camera 57, controliable
household outlet/receptacie 58, and controllable electrical switch 59 as shown. Other possible
devices may include, but are not limited to various additional sensor devices, networking
devices, electronics devices {such as a remote-control device), additional actuator devices, so

called “smart” appliances such as a refrigerator or washer/dryver, and a wide variety of other

possible interconnected objects.

{6068] Hardware and software layer 60 includes hardware and software components.
Examples of hardware components include: mainframes 61; RISC (Reduced Instruction Set
Computer) architecture-based servers 62; servers 63; blade servers 04; storage devices 65; and
networks and networking components 66. In some embodiments, software components

include network application server software 67 and database software 68

{0069] Virtualization layer 70 provides an abstraction layer from which the following
examples of virtual entities may be provided: virtual servers 71; virtual storage 72; virtual
networks 73, including virtual private networks; virtual applications and operating systems 74;

and virtual chents 75,

[B070] In one example, management layer 80 may provide the functions described below.

Resource provisioning 81 provides dynamic procurement of computing resources and other

resources that are utilized to perform tasks within the cloud computing environment. Metering
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and Pricing 82 provides cost tracking as resources are utilized within the cloud computing
environment, and billing or mnvoicing for consumption of these resources.  In one example,
these resources may comprise application software licenses.  Security provides identity
verification for cloud consumers and tasks, as well as protection for data and other resources.
User portal 83 provides access to the cloud computing environment for consumers and system
adminstrators.  Service level management 84 provides cloud computing resource allocation
and management such that requured service levels are met.  Service Level Agreement (SLA)
planning and fulfillment 85 provides pre-arrangement for, and procurement of, cloud

computing resources for which a future requirement is anticipated in accordance with an SLA.

{6071} Workloads layer 90 provides examples of functionality for which the cloud
computing environment may be utilized. Examples of workloads and functions which may be
provided from this layer include: mapping and navigation 91, software development and
lifecycle management 92; virtual classroom education delivery 93; data analytics processing
94; transaction processing 95; and, in the context of the illustrated embodiments of the present
invention, various workloads and functions 96 for ranking time series forecasting machine
learning pipelines in a computing environment {e.g., in a neural network architecture}. In
addition, workioads and functions 96 for ranking time series forecasting machine learning
pipelines 1n a computing environment may include such operations as analytics, deep learning,
and as will be further described, user and device management functions. One of ordinary skill
n the art will appreciate that the workloads and functions 96 for ranking time series forecasting
machine learning pipelines in a computing environment may also work i conjunction with

other portions of the various abstractions layers, such as those in hardware and software 60,
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virtualization 70, management 80, and other workloads 90 (such as data analytics processing
94, for example)} to accomplish the various purposes of the illustrated embodiments of the

present invention.

[6672] As previously stated, the present invention provides novel solutions ranking time
series forecasting machine learning pipelines n a computing environment by one or more
processors in a computing system. Time series data may be incrementally allocated from a
time series data set for testing by candidate machine learning pipelines based on seasonality or
a degree of temporal dependence of the time series data. Intermediate evaluation scores may be
provided by each of the candidate machine learning pipelines following each time series data
allocation. Une or more machine learning pipelines may be automatically selected from a
ranked list of the one or more candidate machine learning pipelines based on a projecied

learning curve generated from the intermediate evaluation scores.

{0073] In an additional aspect, various embodiments are provided to jointly optinuzing time
series pipelines (which mcludes transformers and estimators) and selects one or more optimized
or top-performing machine learning pipelines without training each pipeline on a complete/full
dataset via incremental data allocation schema. In one aspect, time series data, a library of
transformers and esttimators may be recetved as mnput. As output, one or more optimized or top-
performung machine learning pipelines may be wdentified/selected, intermediate evaluation

scores may be determined.
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[06074] In one aspect, an incremental data allocation schema may be used to allocate
fraining data etther based on seasonality or level of temporal dependence. A pipeline evaluator
operation may be performed to produce evaluation scores after each data allocation. A learning
curve may be projected and multiple testing sets may be used for repeated learning curve
projecting and evaluation. A cutoff point on the learning curve may be identified and located

for historical/aged data, if any.

{6G75] Turning now to Fig. 4, a block diagram depicting exemplary functional components
of system 400 for ranking time series forecasting machine learning pipelines in a computing
environment (e.g., in a neural network architecture} according to various mechanisms of the
illustrated embodiments 1s shown. In one aspect, one or more of the components, modules,
services, applications, and/or functions described in Figs. 1-3 may be used m Fig. 4. As will be
seen, many of the functional blocks may also be considered “modules” or “components” of

functionality, in the same descriptive sense as has been previously described in Figs. 1-3.

{8076] A time series forecasting machine learning pipeline ranking service 410 1s shown,
incorporating processing unit 420 (“processor”} to perform various computational, data
processing and other functionality in accordance with various aspects of the present invention.
In one aspect, the processor 420 and memory 430 may be internal and/or external to the time
series forecasting machine learning pipeline ranking service 410, and nternal and/or external to
the computing system/server 12, The time series forecasting machine learning pipeline ranking
service 410 may be included and/or external to the computer system/server 12, as described in

Fig 1. The processing unit 420 may be in communication with the memory 430, The tume
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series forecasting machine learning pipeline ranking service 410 may include a machine
learning component 440, an allocation component 430, an evaluation component 460, an joint

optimizer component, and a learning component 480,

{6677} In one aspect, the system 400 may provide virtualized computing services (t.e.,
virtualized computing, virtualized storage, virtualized networking, etc.). More specifically, the

g, virtualized storage, virtualized networking and

o0

system 400 may provide virtualized computin

other virtualized services that are executing on a hardware substrate.

{6078} The machine learning component 440, in association with the allocation component
450, the evaluation component 460, the joint optimizer component 470, and the learning
component 490 may rank time series forecasting machine learning pipelines in a computing

environment by one or more processors in a computing systen.

{0079] In one aspect, the machine learning component 440 may recetve, identify, and/or
select a machine learning model and/or machine learning pipeline, a dataset for a data set {e.g.,
a time series data set) used for testing the machine learning model and/or machine learning

pipeline.

[B080] The machine learning component 440, 1n association with the allocation component
450, the evaluation component 460, the joint optimizer component 470, may determine the data

allocation size of time series data based on one or more characteristics of 2 time series data set,

The machine learning component 440, 1n association with the allocation component 430, may
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allocate the time series data for use by one or more candidate machine learning pipelines based

on the data allocation size.

[6081] The machine learning component 440, in association with the allocation component
450, the evaluation component 460, the joint optimizer component 470, may incrementally
allocate time series data from a time series data set for testing by candidate machine learning

pipelines based on seasonality or a degree of temporal dependence of the time series data.

{6082} The machine learning component 440, in association with the allocation component
450, the evaluation component 460, the joint optimizer component 470, may determine
intermediate evaluation scores and may be provided by each of the candidate machine learning
pipelines following each time series data allocation. The machine learning component 440, in
assoctation with the allocation component 450, the evaluation component 460, the joint
optimizer component 470, may automatically select one or more machine learning pipelines
from a ranked list of the one or more candidate machine learning pipelines based on a projected

learning curve generated from the intermediate evaluation scores.

[B083] In an additional embodiment, the machine learning component 440, 1n association
with the allocation component 450, the evaluation component 460, the joint optinuzer
component 470, may allocate defined subsets of the time series data backwards 10 time to each
of the one or more candidate machine learning pipelines. A portion of the time series data

exceeding a tume-based threshold may be identified as historical time series data. The
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historical time series data 1s less accurate training data as compared to more recent fraining

data.

[06084] The machine learning component 440, in association with the allocation component
450, the evaluation component 460, the joint optimizer component 470, may train and evaluate
each candidate machine learning pipelinegs for each allocation of time series data. The
allocation amount of training data may incrementally increase in the one or more candidate
machine learning pipelines based on an intermediate evaluation score from one or more
previous allocation amounts of training data. The learning component 490 may predict,
generate, or provide a learning curve generated from each of the intermediate evaluation scores
that may be determined/computed. Fach of the candidate machine learning pipelines may be

ranked based on the projected learning curve.

{B085] The machine learning component 440, in association with the allocation component
450, may use a sequential order of the time series data set while allocating the time series data
based on the data allocation size. The machine learning component 4490, in association with the
allocation component 450, may determine and/or dentify holdout data set, a test data set, and a
training data set from the time series data for allocating the time series data. The machine
learning component 440, i association with the allocation component 450, may allocate the

time series data backward 1o time.

[3086] In another embodiment, the machine learning component 440, in association with

the allocation component 430, the evaluation component 460, and the joint optinuzer
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component 470 may train and evaluate candidate machine learmung pipelines using the time

series data, the hold data set, a test data set, and a training data set from the time series data.

{6087} In another embodiment, the machine learning component 440, mn association with
the allocation component 450, the evaluation component 460, the joint optimizer component
470, and the caching component 480 may combine one or more features with previously
determined features for use by the one or more candidate machine learning pipelines and the
features may be cached at a final estimator of the one or more candidate machine learning

pipelines.

{008] In one aspect, the machine learning component 440 as described herein, may
perform various machine learning operations using a wide vartety of methods or combinations
of methods, such as supervised learning, unsupervised learning, temporal difference learning,
reinforcement learning and so forth. Some non-limiting examples of supervised learning which
may be used with the present technology include AODE (averaged one-dependence
estimators), artificial neural network, backpropagation, Bayesian statistics, naive bays
classifier, Bayesian network, Bayesian knowledge base, case-based reasoning, decision trees,
mductive logic programming, Gaussian process regression, gene expression programining,
group method of data handling (GMDH), learning automata, learning vector quantization,
numimum message length (decision trees, decision graphs, eic.), lazy learning, instance-based
learning, nearest neighbor algorithm, analogical modeling, probably approximately correct
(PAC) learnung, ripple down rules, a knowledge acquisition methodology, symbolic machine

learning algorithms, sub symbolic machine learning algorithms, support vector machines,
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random forests, ensembles of classifiers, bootstrap aggregating (bagging), boosting (meta-
algorithm), ordinal classification, regression analysis, information fuzzy networks

(IFN), statistical classification, hinear classifiers, fisher's inear discriminant, logistic
regression, percepiron, support vector machines, quadratic classifiers, k-nearest neighbor,
hidden Markov models and boosting. Some non-limiting examples of unsupervised learning
which may be used with the present technology nclude artificial neural network, data
clustering, expectation-maximization, self-organizing map, radial basis function network,
vector quantization, generative topographic map, information bottleneck method, IBSEAD
(distributed autonomous entity systems based interaction}, association rule learning, apriori
algorithm, eclat algorithm, FP-growth algorithm, hierarchical clustering, single-finkage
clustering, conceptual clustering, partitional clustering, k-means algorithm, fuzzy clustering,
and reinforcement learning. Some non-limiting example of temporal difference learning may
include Q-learning and learning automata. Specific details regarding any of the examples of
supervised, unsupervised, temporal difference or other machine learning described in this
paragraph are known and are within the scope of this disclosure. Also, when deploying one or
more machine learning models, a computing device may be first tested in a controlled
environment before being deploved in a public setting. Also even when deployed in a public

environment {(e.g., external to the controlled, testing environment), the computing devices may

be monttored for comphiance.

{0089] Turning now to Fig. 5, a block diagram depicts a machine learning pipeline 500 ina

computing environment. In one aspect, one or more of the components, modules, services,

applications, and/or functions described o Figs. 1-4 may be used in Fig. 5. As shown, various
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blocks of functionality are depicted with arrows designating the blocks” of system 500
relationships with each other and to show process flow (e g., steps or operations). Additionally,
descriptive mformation 1s also seen relating each of the functional blocks” of system 500, As
will be seen, many of the functional blocks may also be considered “modules” of functionality,
i the same descriptive sense as has been previously described in Figs. 1-4. With the foregoing
m mind, the module blocks™ of system S00 may also be incorporated mnto various hardware and
software components of a system for automated evaluation of machine learning models ina
computing environment in accordance with the present invention. Many of the functional
blocks of system 500 may execute as background processes on various components, either in

distributed computing components, or elsewhere.

{6090} In one aspect, a machine learning pipeline 500 may refer to a workflow including a
series of transformers such as, for example, transformer 510, 520 (e g , a window transformer
“transformer 7, an imputer “transformer 27} and one or more estimators such as, for example, a

final estimator 530 {e.g., outputs).

{03091} Turning now to Fig. 6, a block flow diagram depicts an exemplary system 600 and
functionality for joint optimization for ranking time series forecasting machine learning
pipelines in a computing environment using a processor. In one aspect, one or more of the
components, modules, services, applications, and/or functions described in Figs. 1-5 may be

used in Fig. 6.
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[6092] As shown, various blocks of functionality are depicted with arrows designating the
blocks’ of system 600 relationships with each other and to show process flow {e.g., steps or
operations). Additionally, descriptive information is also seen relating each of the functional
blocks” of system 600, As will be seen, many of the functional blocks may also be considered
“modules” of functionality, in the same descriptive sense as has been previously described in
Figs. 1-5. With the foregoing 1n mind, the module blocks™ of system 600 may also be
incorporated into various hardware and software components of a system for automated
evaluation of machine learning models in a computing environment in accordance with the
present invention. Many of the functional blocks of system 600 may execute as background

processes on various components, either in distributed computing components, or elsewhere.

{6093} As depicted 1n Fig. 6, starting in block 602 (input time series data), one or more
candidate machine learning pipelines 604 may receive time series data {preprocessed). The
candidate machine learning pipelines 604 may include one or more transformers (e.g,
transformer 1-N) and one or more estimators. The candidate machine learning pipelines 604
may jointly optimize transformers {e.g., transformer 1, 2, and 3) and estimators {e.g., estimators

1, 2, and 3) to form pipelines using a joint optimizer {e.g., a TDAUB operation).

[0094] The joint optimizer {e.g., a TDAUB operation), as in block 606, may train the
machine learning pipelines, in block 604, by starting with a minimum allocation of time series
data. Additional time series data may be allocated based on a) seasonality and/or b) a level of
temporal dependence. A learning curve may be projected and a cutoff point may be marked

and 1dentitied indicating an aged portion of data on the learning curve.
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[6095] In block 608, a hyperparameter optinization operation may be performed. In one
aspect, the hyperparameter optimization is the process of selecting/choosing a set of
optimal hyperparameters for a learning algorithm. A hyperparameter may be a parameter

whose value 1s used to control the learning process.

[06096] In block 610, (e.g., output of blocks 606 and 608} one or more machine learning
pipelines may be ranked based on TDAUB intermediate evaluation metrics and suggestions on

relevant training data may be provided.

{6697] Turning now to Fig. 7, block diagram 700 depicts an exemplary system 700 and
functionality for joint optimization for automated time series forecasting pipeline generation in
a computing environment. As shown, various blocks of functionality are depicted with arrows
designating the blocks’ of system 700 relationships with each other and to show process flow
(e.g., steps or operations). Additionally, descriptive information s also seen relating each of
the functional blocks’ of system 700. As will be seen, many of the functional blocks may also
be considered “modules” of functionality, in the same descriptive sense as has been previously
described 1n Figs. 1-6. With the foregoing in mind, the module blocks’ of system 700 may also
be mcorporated into various hardware and software components of a syster for automated time
series forecasting machine learning pipeline generation in a computing environment in
accordance with the present mnvention. Many of the functional blocks 700 may execute as
background processes on various components, either m distributed computing components, or

elsewhere,
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[6098] As depicted, a data allocation schema for joint optimization for automated time
series forecasting pipeline generation. As depicted, a training data set 702 {(e.g., a time series
data set) is received and takes a selected portion {e.g., a last/final or “right most” section) of
the training data set 702 as a test set (“test”) and then sequentially allocates a small subset of

traiming data backwards.

{6099] A joint optimizer such as, for example, the joint optimizer component 470 of Fig. 4,
may employ a time series Data Allocation Upper Bound (“"TDAUB”) operation/model. In one
aspect, the TDAUB operation is the joint optimizer that sequentially allocates one or more
subsets of an allocated sized (e.g., a small subsets) of the training data set 702 amongst a large
set of machine learning pipelines such as, for example, machine learning pipelines 704 A-D.
The execution and evaluation of each of the machine learning pipelines 704A-D may be
performed based on a priority queue and the more promising pipeline {(e.g., machine learning
pipeline 704D) 15 expected to compete first. The jomnt optimization operation (e.g., TDAUB
operation} may be conducted on each transformer and estimators of the pre-selected pipelines
such as, for example, the machine learning pipelines 704A-D. The joint optimization may

include the TDAUB operation, ADMM, and/or continuous joint optimization.

[00100] Furthermore, the joint optimazer, as described herein, is not limited to only using
fixed data allocation size and includes a time series specific data allocation schemes. That is,
the time series specific joint optimizer may 1) automate data size allocation {e.g., allocated data
size 15 not fixed) and the data size allocation may adaptively depend on characteristics of input

time series such as seasonality patterns, trending patterns. The time series specific joint
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optinizer may define a fixed holdout set, fixed test set, and train set from 1nput time series,
allocates traming data for candidate pipelines backward in time. The time series specific joint
optimizer may train and evaluates candidate machine learning pipelines on the allocated
traiming set and the fixed test set to find potentially best/optimal candidates machine learning

pipelines for a next data allocation.

{601081] In one aspect, the specific data allocation size of the time series data may be
determined and/or calculated. In one aspect, using seasonality detection, in a first step, the
input time series data may be a de-trended and de-leveled. In a second step, one or more
operation such as, for example, a Fast Fourier Transformation ("FFT”), may be applied on the
de-trended and de-leveled data. In a third step, a spectrum may be computed. For example,

T . n . .
assume that after the FFT operation, an = complex number is obtained such as, for example, as

iHustrated 1in equation 1:

@y + bii, .., an+ bni (1)
2 2

where
7= 1 2)

{60102] and n1s a number of allocations.

{601063]  The spectrums may be determined/computed using the equation:
Spr = \/G’%‘i“b,%,}{: 1“”;-; (3).

[00104]  where Sp; 15 a seasonal length of the time series data.
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[60105]  As such, in a fourth step, a seasonal length Sp, may be selected. Ina fifth step, a

data allocation size may be determined where the is equal to:

C* Spy, (4)

[00106] where { 15 a pre-selected integer. In this way, the data allocation size may be
selected/determined based on a seasonal length and assures each data allocation operation at

least covers/includes one full seasonal cycle of the time series data.

[00197] Additionally, for the TDAUR operation may also include the following. In one
aspect, a total length of mput time series data may be denoted as “L” and a number of pipelines
as “np”. The DAUB executes if, for example, the total length of input time series data 1s
greater than a romunuro allocation size (“min_allocation size”) (eg., “L >

FERY

min_allocation size”), where the mimimurm allocation size (“nun_allocation size”} 15 a

threshold chosen a priori to trigger the TDAUB.

[B0108]  In one aspect, the munimum data allocation size (“min allocation size”} may be the

numimum data allocation amount if data 1s less than 1K and the pipelines are evaluated using an

entire data and may also be an optional user input.

[00109]  For the fixed allocation section, the following operation may be performed.
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{60116]  Instep 1.1, the muumum allocation size (“mun_allocation size”) data may be
allocated to each machine learning pipeline such as, for example, machine learning pipelines
704A-D starting from most recent data (e g., machine learning pipelines 704A). The mitial
data allocation may be divided/splint into a training set ("train”) and a test set (“test™). The
machine learning pipehines 704A-D may be trained on the training set and then each of the
machine learning pipehines 704A-D may be scored on the test set. The score (“score 17) may be

recorded for each of the machine learning pipelines 704A-D.

{60111} Instep 1.2, additional and incremented data {e.g., allocation increment data) may
be allocated backwards in time to each pipeline such as, for example, machine learning
pipelines 704A-D. Each of the machine learning pipelines 704 A-D may be trained on the
traming set and a score may be determined for each of the machine learning pipelines 704A-D
on the test set. The score (“score 27} may be recorded for each of the machine learning

pipelines 704A-D.

{80112] In one aspect, the allocation increment may be an allocation amount based on
seasonality. The seasonality of the time series data may be estimated using Fast Fourter
Transformation. The allocation increment may be set as equal to the seasonality length (e g,
allocarion increment = seasonality length). In one aspect, if the training data only 1ncludes
small number of seasonal length, the allocation increment may be set equal to the seasonality
length that is divided by the number of allocations {e.g., aflocation increment = seasonality

length /number of desived allocarions). Also, the allocation may be based on temporal
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il

dependency. The number of correlated lags may be estimated using criterial methods “A47C
and “BIC. The aflocation increment may be set equal to the pre-selected integer multiplied

by the number of significant lags (e.g., allocation increment = C* number of significant lags).

{60113} Instep 1.3, a fixed allocation cutoff (“fixed aflocation cuioff”) may be
mdicated/denoted as an » nomber of times of allocation increment backward after the test set,

i.e. n={fixed allocation cutoff’allocation increment). Step 1.3 may be repeated for n-/ times.

[60114]  After the fixed aliocation portion, a vector ()7} of scores fscore {, ... score nf may
be collected and gathered for each pipeline corresponding to sample size /min allocation size,

min allocation size+ allocation increment, .., fixed allocation cutoff].

[80115] Instep 1.4, for each pipeline, a regression fit may be performed on target variables
scores Vs predictor sample sizes. A score may be predicted when a sample size 15 equal to
total length of input time series data “7. 7" A predicted score vector may be denoted as fs;, 52, ...
Supf, corresponding to pipeline 1, pipeline 2, ..., pipeline np such as, for example, machine

learning pipelines 704A-D.

[08116] Instep 1.5. the predicted score vectors {5, 5,, ..., 5, | may be ranked from a
mummum “min”) to a maximum (“max”) assuming that the smaller score is, the more accurate
the pipeline is. The ranked score vectors may be denoted as [S'y, 575, ..., §'np ]/, and the

corresponding pipelines may be maintained in a priority queue.

38



WO 2022/174792 PCT/CN2022/076660

[60117]  In the allocation acceleration section/part, not all of the machine learning pipelines
will receive the additional data allocation. Rather, only the top machine learning pipeline will
receive the additional data allocation. The additional data allocation will be mcreasing
geometrically. For example,
rounded inc mudt = int(last allocation * initicl geo allocation increment)) /
allocation increment.

next allocation = int(rounded inc mult * allocation increment)

[60118] Instep 2.1, additional next allocation data points may be allocated to a
top/optimized machine learning pipeline (e.g., machine learning pipeline 704D} in the priority
queue. Given the same testing set as previously used, the machine learning pipeline 704D may
be trained on the training set and the pipeline (e.g., machine learning pipeline 704D} may be
scored on the testing set. The new score may be recorded into the score vector of this top
pipeline {e.g., the machine learning pipeline 704D} A linear regression may be applied to re-
fit on the updated scores Vs predictor sample sizes. A score may be predicted when a sample

size 15 equal to L (e g., the total length of input time series data).

[B0119] Instep 2.2, a previously obtained score of the top/optimized pipeline (e.g, the
machine learning pipeline 704D) may be replaced in the ranked score vector by the newly
predicted one. The score vectors may be reranked and the corresponding priority queue may be

updated.
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[60128] Instep 2.3, each of the steps 2.1-2.2 may be repeated until no further data can be

aliocated.

[60121] It should be noted that the TDAUB operation is typically executed for multiple

fimes on multiple test sets. The result 1s combined by majority voting.

[60122] As depicted in Fig. 7, a learning curve may be predicted by the DUAB. In one
aspect, for early learning curve projection, a machine learning model that results i “similar
error distribution” on internal test dataset even after allocating more data point suggests the
following. The machine learning model 1) has already acquired the learning with no additional
benefits, 3) early decision to either instruct machine learning model to change some parameter
if its performance 1s significantly poor, 3) “Introduction of an early feedback in Competition” —
providing an increased chance to boost the performance of a pipeline that 1s performing less
than desired. For example, assume pipeline A has adjusted one or more parameters based on
the data given in a first round of data allocation. Assume also that a parameter setting is not
achieving a desired result. Thus an early feedback may result in an opportunity for a pipeline

to adjust the parameter prior to completion of an mitial 5 round of data allocation.

[00123] Additionally, since mnternal test data does not change, similar error distribution may

be applied to permit a comparison operation to compare the effects of allocating more data

points with respect to the error that are generated.
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{60124] Turming now to Fig. 8, a graph diagram 800 depicts an exemplary operation 800 for
time ranking time series forecasting machine learning pipelines in a computing environment by
a processor.  In one aspect, one or more of the components, modules, services, applications,

and/or functions described 1n Figs. 1-7 may be used in Fig. 8.

[60128]  As depicted in graph 800, a test accuracy 1s depicted on the Y-axis and the number
of rows (age of data} is depicted along the X-axis. Thus, given the test set, the top/optimized
run fo completion machine learning pipelines are selected and train on the rest of the available
data. The final scores may be record and ranked. A final ranked list of machine learning

pipelines for time series forecasting may be identified, determined, and selected.

[60126] Based on the imtermediate TDAUB accuracy metrics, a time threshold or point may
be identified where the learning curve starts decrease; and one or more recommendation may
be provided to user on the aged portion of data. For example, prior to reaching the time
threshold additional data provides increased testing accuracy per number of rows. However,
upon reaching and moving beyond the time threshold, additional data may become redundant

or may be harmful, which yields less accuracy of the testing of the time series data.

[80127] Turming now to Fig. 9, a method 900 for ranking timae series forecasting machine
learning pipelines in a computing environment using a processor 15 depicted, in which various
aspects of the illustrated embodiments may be implemented. The functionality 900 may be
implemented as a method (e.g., a computer-implemented method) executed as instructions on a

machine, where the instructions are included on at least one computer readable medium or one
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non-transitory machine-readable storage medium. The functionality 900 may start in block

902.

[60128] Time series data may be incrementally allocated from a time series data set for
testing by candidate machine learmning pipelines based on seasonality or a degree of temporal
dependence of the time series data, as m block 904, Intermediate evaluation scores may be
provided by each of the candidate machine learning pipelines following each time series data
allocation, as in block 906. Une or more machine learning pipelines may be automatically
selected from a ranked list of the one or more candidate machine learning pipelines based on a
projected learning curve generated from the intermediate evaluation scores, as in block 908,

The functionality 900 may end, as in block 914,

[80129] In one aspect, in conjunction with and/or as part of at least one blocks of Fig. 9, the
operations of method 900 may include each of the following. The operations of 900 may
allocate defined subsets of the time series data backward in time to each of the one or more

candidate machine learning pipelines.

[B0130] The operations of 900 may identify a portion of the time series data exceeding a
time-based threshold as historical time series data, wherein the historical time series data 1s less
accurate training data and tt=rain and evaluate the one or more candidate machine learning

pipelines for each allocation of time series data.
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[60131] The operations of 900 may incrementally increase an allocation amount of training
data in the one or more candidate machine learning pipelines based on an intermediate

evaluation score from one or more previous allocation amounts of training data.

[60132] The operations of 900 may determune the learning curve generated from each of the
mtermediate evaluation scores and rank each of the one or more candidate machine learning

pipelines based on the projected learning curve.

{60133] The present invention may be a system, a method, and/or a computer program
product. The computer program product may include a computer readable storage medium {or
media) having computer readable program instructions thereon for causing a processor o carry

out aspects of the present invention.

{80134] The computer readable storage medium can be a tangible device that can retain and
store instructions for use by an instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an electronic storage device, a magnetic
storage device, an optical storage device, an electromagnetic storage device, a semiconductor
storage device, or any suitable combination of the foregoing. A non-exhaustive list of more
specific examples of the computer readable storage medium includes the following: a portable
computer diskette, a hard disk, a random access memory (RAM), a read-only memory (ROM),
an erasable programmable read-only memory (EPROM or Flash memory), a static random
access memory (SRAM), a portable compact disc read-only memory (CD-ROM), a digital

versatile disk (DVD), a memory stick, a floppy disk, a mechanically encoded device such as
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punch-cards or rased structures in a groove having nstructions recorded thereon, and any
suitable combination of the foregomng. A computer readable storage medium, as used herein, 18
not to be construed as being transitory signals per se, such as radio waves or other freely
propagating electromagnetic waves, electromagnetic waves propagating through a waveguide
or other transmission media {e.g., light pulses passing through a fiber-optic cable), or electrical

signals transmutted through a wire,

{60135] Computer readable program instructions described hergin can be downloaded to
respective computing/processing devices from a computer readable storage mediom or to an
external computer or external storage device via a network, for example, the Internet, a local
area network, a wide area network and/or a wireless network. The network may comprise
copper transmission cables, optical transmission fibers, wireless transmission, routers,
firewalls, switches, gateway computers and/or edge servers. A network adapter card or
network interface in each computing/processing device receives computer readable program
mstructions from the network and forwards the computer readable program instructions for
storage in a computer readable storage medium within the respective computing/processing

device.

[00136] Computer readable program instructions for carrying out operations of the present
mvention may be assembler instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions, microcode, firmware instructions, state-
setting data, or etther source code or object code written in any combination of one or more

programming languages, including an object oriented programming language such as
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Smalltatk, C++ or the like, and conventional procedural programming languages, such as the
*C" programming language or similar programming languages. The computer readable
program instructions may execute entirely on the user's computer, partly on the user's
computer, as a stand-alone software package, partly on the user's computer and partly on a
remote computer or entirely on the remote computer or server. In the latter scenario, the
remote computer may be connected to the user's computer through any type of network,
mecluding a local area network (LAN) or 8 wide area network (WAN), or the connection may
be made to an external computer (for example, through the Internet using an Internet Service
Provider}). In some embodiments, electronic circuntry including, for example, programmable
logic circutry, field-programmable gate arrays (FPGA}, or programmable logic arrays (PLA)
may execute the computer readable program instructions by utilizing state information of the
computer readable program instructions to personalize the electronic circuitry, in order to

perform aspects of the present invention.

{0100} Aspects of the present invention are described herein with reference to flowchart
ltustrations and/or block diagrams of methods, apparatus (systems), and computer program
products according to embodiments of the invention. It will be understood that each block of
the flowchart illustrations and/or block diagrams, and combinations of blocks in the flowchart
tustrations and/or block diagrams, can be implemented by computer readable program

mstruciions.

[8101] These computer readable program instructions may be provided to a processor of a

general-purpose computer, special purpose computer, or other programmable data processing
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apparatus to produce a machine, such that the mstructions, which execute via the processor of
the computer or other programmable data processing apparatus, create means for implementing
the functions/acts specified in the flowcharts and/or block diagram block or blocks. These
computer readable program mnstructions may also be stored in a computer readable storage
medwm that can direct a computer, a programmable data processing apparatus, and/or other
devices to function n a particular manner, such that the computer readable storage mediom
having instructions stored therein comprises an article of manufacture including instructions
which implement aspects of the function/act spectfied in the flowcharts and/or block diagram

block or blocks.

[{6102] The computer readable program instructions may also be loaded onto a computer,
other programmable data processing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable apparatus or other device to
produce a computer implemented process, such that the instructions which execute on the
computer, other programmable apparatus, or other device implement the functions/acts

specified in the flowcharts and/or block diagram block or blocks.

[0103] The tlowcharts and block diagrams 1n the Figures iHlustrate the architecture,
functionality, and operation of possible implementations of systems, methods, and computer
program products according to various embodiments of the present invention. In this regard,
each block i the flowcharts or block diagrams may represent a module, segment, or portion of
mstructions, which comprises one or more executable mstructions for implementing the

specified logical function{s). In some alternative implementations, the functions noted 1o the
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block may occur out of the order noted in the figures. For example, two blocks shown in
succession may, 1o fact, be executed substantially concurrently, or the blocks may sometimes
be executed in the reverse order, depending upon the functionality mvolved. It will also be
noted that each block of the block diagrams and/or flowchart Hustrations, and combinations of
blocks in the block diagrams and/or flowchart iflustrations, can be implemented by special
purpose hardware-based systems that perform the specified functions or acts or carry out

combinations of special purpose hardware and computer instructions.

{6164] The descriptions of the embodiments of the present invention have been presented
for purposes of illustration, but are not intended to be exhaustive or imited to the embodiments
disclosed. Many modifications and variations will be apparent to those of ordinary skill in the
art without departing from the scope of the described embodiments. The terminology used
herein was chosen to best explain the principles of the embodiments, the practical application
or technical improvement over technologies found in the marketplace, or to enable others of

ordinary skill in the art to understand the embodiments disclosed herein.
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CLAIMS
What 1s clairoed s
I. A method for ranking time series forecasting machine learning pipelines in a computing

environment by one Or more processors comprising:

mcerementally allocating time series data from a time series data set for testing by one or
more candidate machine learning pipelines based on seasonality or a degree of temporal
dependence of the time series data;

providing intermediate evaluation scores by each of the one or more candidate machine
learning pipelines following each time series data allocation; and

automatically selecting one or more machine learning pipelines from a ranked list of the
one or more candidate machine learning pipelines based on a projected learning curve

generated from the intermediate evaluation scores.

2. The method of claim 1, further including allocating defined subsets of the time series

data backward in time to each of the one or more candidate machine learning pipelines.

3 The method of claim 1, further including wdentifying a portion of the time series data

exceeding a time-based threshold as historical time series data, wherein the historical time

series data 15 less accurate training data.

4. The method of claim 1, further including training and evaluating the one or more

candidate machine learning pipelines for each allocation of the time series data.
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S. The method of claim 1, further including incrementally mcreasing an allocation amount
of training data in the one or more candidate machine learning pipelines based on an
mtermediate evaluation score from one or more previous allocation amounts of the training

data.

6. The method of claim 1, further including determining the learning curve generated from

each of the intermediate evaluation scores.

7. The method of claim 1, further including ranking each of the one or more candidate

machine learning pipelines based on the projected learning curve.

8. A system for ranking time series forecasting machine learning pipelines in 3 computing
environment, Comprising:
one or more computers with executable instructions that when executed cause the

system to:

incrementally allocate time series data from a time series data set for testing by
one or more candidate machine learning pipelines based on seasonality or a degree of temporal
dependence of the time series data;

provide intermediate evaluation scores by each of the one or more candidate
machine learning pipelines following each time series data allocation; and

automatically select one or more machine learning pipelines from a ranked hist
of the one or more candidate machine learning pipelines based on a projected learning curve

generated from the intermediate evaluation scores.
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9. The system of claim 8, wherein the executable instructions when executed cause the
system to allocate defined subsets of the time series data backward in time to each of the one or

more candidate machine learning pipelines.

10. The system of claim 8, wherein the executable mstructions when executed cause the
system to identify a portion of the time series data exceeding a time-based threshold as

historical time series data, wherein the historical time series data is less accurate training data.

It The system of claim 8, wherein the executable instructions when executed cause the
system to train and evaluate the one or more candidate machine learning pipelines for each

allocation of the time series data.

12. The system of claim 8, wherein the executable instructions when executed cause the
system to incrementally increase an allocation amount of training data in the one or more
candidate machine learning pipelines based on an intermediate evaluation score from one or

more previous allocation amounts of the training data.

13. The system of claim 8, wherein the executable instructions when executed cause the

system to determune the learning curve generated from each of the intermediate evaluation

SCOTes.
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14 The system of claim 8, wherein the executable instructions when executed cause the
system to rank each of the one or more candidate machine learning pipelines based on the

projected learming curve.

IS, A computer program preduct for ranking time series forecasting machine learning
pipelines n a computing environment, the computer program product comprising:
one or more computer readable storage media, and program instructions collectively

stored on the one or more computer readable storage media, the program instruction
COmprising:

program instructions to incrementally allocate time series data from a time series
data set for testing by one or more candidate machine learning pipelines based on seasonality or
a degree of temporal dependence of the time series data;

program instructions to provide intermediate evaluation scores by each of the
one or more candidate machine learning pipelines following each time series data allocation;
and

program instructions to automatically select one or more machine learning
pipelines from a ranked list of the one or more candidate machine learning pipelines based on a

projected learning curve generated from the intermediate evaluation scores.

i6. The computer program product of claim 15, further including program instructions to

aliocate defined subsets of the time sernes data backward 1n time to each of the one or more

candidate machine learning pipelines.
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17 The computer program product of claim 15, further including program mstructions to
identify a portion of the time series data exceeding a time-based threshold as historical time

series data, whereim the historical time senies data is less accurate traming data.

8. The computer program product of claim 15, further including program mstructions 1o
tramn and evaluate the one or more candidate machine learning pipelines for each
allocation of time series data; and
mcrease an allocation amount of training data in the one or more candidate machine
learning pipelines based on an intermediate evaluation score from one or more previous

allocation amounts of the training data.

19 The computer program product of claim 15, further including program instructions to

determine the learning curve generated from each of the intermediate evaluation scores.

20. The computer program product of claim 15, further including program instructions to

rank each of the one or more candidate machine learning pipelines based on the projected

learning curve.
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