wo 2017/069928 A 1[I I N0F V00O A 00 00O

(43) International Publication Date

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property Ny
Organization é
International Bureau -,

=

\

(10) International Publication Number

WO 2017/069928 A1l

(51

eay)

(22)

(25)
(26)
(30)

1

(72

74

27 April 2017 (27.04.2017) WIPOIPCT
International Patent Classification: (81)
GO6F 9/50 (2006.01)

International Application Number:
PCT/US2016/055056

International Filing Date:
30 September 2016 (30.09.2016)

Filing Language: English
Publication Language: English
Priority Data:

62/244,156 20 October 2015 (20.10.2015) US
15/089,481 2 April 2016 (02.04.2016) US

Applicant: INTELL. CORPORATION [US/US]; 2200
Mission College Boulevard, Santa Clara, California 95054

(US).

Inventors: AHUJA, Nishi; 4305 68th Avenue Court West,
University Place, Washington 98466 (US). KHANNA,
Rahul; 5864 NW Redfox Drive, Portland, Oregon 97229
(US). DANIEL, Abishai; 6853 SW Star Jasmine Place,
Beaverton, Oregon 97008 (US). FU, Diyong; No. 880 Zi
Xing Road, ZiXhu Science Park, Shanghai 200241 (CN).

Agent: KACVINSKY, John F.; Kacvinsky Daisak Bluni
PLLC, c/o CPA GLOBAL, 900 Second Avenue South,
Suite 600, Minneapolis, Minnesota 55402 (US).

(84)

Designated States (uniess otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,
BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DJ, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
KW, KZ, LA, LC, LK, LR, LS, LU, LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, T™M,
TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM,
ZW.

Designated States (uniess otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ,
TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU,
TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ, DE,
DK, EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU,
LV, MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK,
SM, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ,
GW, KM, ML, MR, NE, SN, TD, TG).

Published:

with international search report (Art. 21(3))

(54) Title: COMPUTING RESOURCES WORKLOAD SCHEDULING

(57) Abstract: Examples may include techniques to a schedule a workload to
one or more computing resources of a data center. A class is determined for

700

RECEIVE, AT A PROCESSOR CIRCUIT, AN INDICATION OF A
t WORKLOAD DISTRIBUTION FOR A WORKLOAD TO BE
S

UPPORTED BY ONE OR MORE COMPUTING RESOURCES OF A
DATA CENTER
202

DETERMINE A CLASS FOR THE WORKLOAD BASED ON A A
WORKLOAD TYPE OR PROFILE FOR THE WORKLOAD eValuaHOll.

704

'DETERMINE PREDICTED OPERATING VALUES FOR AT LEAST
ONE OF THE ONE OR MORE COMPUTING RESOURCES BASED
ON THE CLASS AND INPUTTING THE ONE OR MORE
PREDICTED OPERATING VALUES IN AT LEAST ONE SCORING
MODEL TO EVALUATE THE WORKLOAD BEING SUPPORTED
BY THE AT LEAST ONE OF THE ONE OR MORE COMPUTING
RESOURCES
706

EVALUATION

SCHEDULE THE WORKLOAD TO THE AT LEAST ONE OF THE
ONE OR MORE COMPUTING RESOURCES BASED ON THE
708

FIG. 7

the workload based on a workload type or profile for the workload. Predicted
operating values for at least one of the one or more computing resources is
determined based on the class and the predicted operating values are used as
inputs in at least one scoring model to evaluate the workload being supported
i by the at least one of the one or more computing resources. The workload is
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COMPUTING RESOURCES WORKLOAD SCHEDULING
RELATED CASE

This application claims the benefit of and priority to previously filed United States Patent

Application Serial Number 15/089,481, filed April 2, 2016, entitled “Computing Resources
Workload Scheduling” and United States Provisional Patent Application Number 62/244,156
filed on October 20, 2015, that is hereby incorporated by reference in its entirety.
BACKGROUND

Technological advancements in networking have enabled the rise in use of pooled and/or

configurable computing resources. These pooled and/or configurable computing resources may
include physical infrastructure for large data centers that may support cloud computing networks.
The physical infrastructure may include one or more computing systems having processors,
memory, storage, networking, power, cooling, etc. Management entities of these data centers
may provision computing resources to virtual computing entities such as virtual machines (VMs)
to allocate portions of pooled and/or configurable computing resources in order to place or
compose these VMs to support, implement, execute or run a workload such as a certain types of
applications. Various types of applications or application workloads may utilize this allocated
infrastructure in a shared manner.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates an example first system.

FIG. 2 illustrates an example board.

FIG. 3 illustrates an example second system.

FIG. 4 illustrates an example first flow.

FIG. 5 illustrates an example second flow.

FIG. 6 illustrates an example block diagram for an apparatus.

FIG. 7 illustrates an example third flow.

FIG. 8 illustrates an example of a storage medium.

FIG. 9 illustrates an example computing platform.
DETAILED DESCRIPTION

Data centers may be generally composed of a large number racks that may contain

numerous types of hardware or configurable computing resources (e.g., storage, central
processing units (CPUs), memory, networking, fans/cooling modules, power units, etc.). The
types of hardware or configurable computing resources deployed in data centers may also be
referred to as disaggregate physical elements. The size and number of computing resources and

the continual disaggregation of these resources presents practically countless combinations of
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computing resources that can be configured to fulfill workloads. Also, types of workloads may
have different characteristics that may require a different mix of computing resources to
efficiently fulfill a give type of workload. It is with respect to these and/or other challenges that
the examples described herein are needed.

FIG. 1 illustrates an example system 100. As shown in FIG. 1, system 100 includes racks
110-1 to 110-n, where n is any whole integer value greater than 3. In some examples, as shown
in FIG. 1, racks 110-2 to 110-n may be arranged to host respective computing resources (C.R.s)
116-2 to 116-n. Also, each shelf or slot of a give rack may include controllers. For example,
racks 110-2 to 110-n may include respective controller 114-2 to 114-n for each shelf or slot.
Racks 110-1 to 110-n may also include cooling module(s) 118-1 to 118-n to provide cooling
capabilities to their respective racks. In some examples, cooling module(s) 118-1 to 118-n may
be considered as a type of computing resource. Racks 110-1 to 110-n may also include
respective rack controllers 112-1 to 112-n. As described more below, controllers located at a
given rack may be capable of collecting operating information that may be used build a scoring
model which may then be use to evaluate an impact of a workload to be filled or supported by
computing resources for a data center similar to system 100.

In some examples, a data center management system 108 may communicate with rack
controllers 112-1 to 112-n and controller 114-2 to 114-n via a control plane 150. Data center
management system 108 may also manage C.R.s 116-2 to 116-n located within respective racks
110-2 to 110-n via a resource plane 140. This management may include the provisioning of
computing resources to fulfill or support a workload and/or scheduling of a workload to
computing resources.

In some examples, a process can be employed of utilizing sensor data or operating
information produced by each of the server platforms (e.g., located within racks 110-2 to 110-n)
to develop or build an optimization indicator (OI) scoring model that uses a multi objective
algorithm framework to optimize or improve resource allocation by loading a given workload in
an efficient manner at a data center level through efficient workload scheduling. Applying this
framework may result in more effective or optimal operation of a data center by predicting an
impact of scheduling a new or different type of workload and using that information to optimally
place the workload in the appropriate resource. The framework may solve for an optimal or
comparatively best operating condition (by predicting demands) in the presence of competing
objectives that may be related to such attributes as thermal attributes, performance attributes,
reliability attributes or power attributes. This framework may render a computationally

intractable NP hard optimization problem into an NP complete problem and may resultin a

PCT/US2016/055056



WO 2017/069928 PCT/US2016/055056

10

15

20

25

30

computationally feasible problem. The resulting solution is optimal for a specified objective that
may be arbitrarily defined based on operator preference.

According to some examples, the Ol scoring model may provide an indicator to data center
management/system 108 (e.g., configured as data center orchestration software) for logic and/or
features of data center management/system 108 to improve work load orchestration within
system 100 to imposed constraints such as quality of service (QoS), service level agreement
(SLA) objectives or reliability, availability and serviceability (RAS) requirements. The
framework may enable improved reliability at a system or data center level while supporting a
desired level of performance and throughput consistent with the unique preferences of the
operator. In some examples, evaluating objectives related to such attributes as thermal,
performance, reliability or power via computer intelligence to optimize cloud workload
scheduling may help to achieve more efficient data center management, reduce costs of
operation and enhance data center performance.

In some examples, a platform and/or or rack monitoring agent (like firmware and OS
drivers) may be arranged to run inside a baseboard management controller (BMC), Management
Engine (ME), operating system (OS) driver or any 3rd party agent that may gather operating
information. The gathered operating information for computing resources may include, but is
not limited to, inlet/outlet temperatures for a platform and/or rack housing, poWer consumption
for a platform and/or rack housing, fan speed for a cooling module for a platform and/or rack
housing (e.g., rack 110-2), derived volumetric airflow for a platform and/or rack or available
margin to maximum designed or pre-determined operating specifications [or computing
resources (e.g., maximum utilization capacities or peak operating temperature thresholds).
Gathered operating information may also include throttling activation information for such
computing resources as CPUs, memory, NW I/O devices, NW switches, VMs, power modules or
cooling modules. The throttling activation information may indicate if and for how long
throttling was activated over a given time period. For example, responsive to utilization
capacities or peak operating temperature thresholds being exceeded over the given time period.

In some examples, the gathered operating information méy be conveyed by platform
and/or or rack monitoring agent outside the platform via use of an interface and associated
protocols such as an intelligent platform management interface (IPMI) described in the IPMI
Specification v2.0, rev. 1.1, published in March 2013 (hereinafter the “IPMI specification”),
and/or other technologies based on derivatives or extensions of the IPMI specification.

Examples are not limited to interfaces and associated protocols as described in the IPMI
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specification, other interfaces and associated protocols conveying operating information outside
the platform are contemplated.

According to some examples, controllers 114-2 to 114-n and/or rack controller 114-1 to
114-n may be capable of supporting a platform and/or rack monitoring agent. For these
examples, control plane 150 may be configured to utilized protocols in accordance with the IPMI
specification to relay or send operating information to data center management/system 108.

In some examples, logic and/or features of data center management/system 108 may
collect the operating information received or forwarded from controllers 114-2 to 114-n and/or
rack controllers 114-1 to 114-n. The logic and/or features of data center management/system
108 may at least temporarily store the collected operating information in a database or central
repository (not shown).

In some examples, logic and/or features of data center management/system 108 may feed
data associated with collected operating information to generate a leamed OI scoring model that
may then be used to evaluate an impact of a candidate workload to be fulfilled by at least some
of the computing resources hosted by racks 110-2 to 110-n (e.g., further provisioned to support
multiple VMs). For these examples, machine learning concepts and algorithms may perform OI
scoring model learning or training for a given attribute and then this learned Ol scoring model is
used for estimating or predicting a demand (e.g., air flow demand) comparatively placed on
different computing resources. A learned OI scoring model may be built or learned using
clustering, regression learning mechanisms similar to support v.ector machine (SVM) (a type of
machine learning linear classifier) or k-means clustering to narrow down the target computing
resources. A learned OI scoring model may include use of regression methods to arrive at
predicted operating values for use as inputs to the learned OI scoring model to arrive at an OI
scoring model! predicted value that may be used to quantify the impact of the candidate workload
on a computing resource or a grouping of computing resources. As described more below, the
determined OI scoring model predicted value may be based on weighted operating values related
to one or more objectives associated with one or more attributes.

According to some examples, based on the constraints being imposed on a system such as
system 100 (e.g., QoS requirements, SLA objectives or RAS requirements) and the attributes of
the workload to be scheduled, a learned OI scoring model may be able to identify one or more
comparatively best target VMs to support placement or scheduling of the candidate workload.

In some examples, candidate workloads may have workload profiles that may require
differing types of computing resources to support. For examples, a first workload profile may be

processing or CPU intensive, a second workload profile may be memory intensive, a third
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workload profile may be network switch intensive, a fourth workload profile may be storage
intensive or a fifth workload profile may have a balanced profile that has relatively equal CPU,
memory, network switch and storage intensities.

According to some examples, an Ol scoring model may be arranged to consider multiple
objectives for utilizing computing resources (€.g., a server or node) in a system such as system
100. The OI scoring model may be used to predict and/or evaluate an overall running status of
separate computing resources when supporting a candidate workload. An OI scoring model may
be built or learned such that a comparatively best operating balance between the multiple
objectives associated with multiple attributes such as, but not limited to, thermal attributes,
performance attributes, power attributes or reliability attributes.

In some examples, machine learning models may model each single attribute and then
combine all the attributes together by using either weighted sum algorithms or Pareto model
algorithms such as non-dominated sorting genetic algorithm-II (NSGA-II) according to the
complexity of the problem to generate an OI scoring model predicted value based on a learned
OI scoring model. The OI scoring model predicted value may be useful in rebalancing workloads
between computing resources included in a data center similar to system 100. For example,
based on OpenStack VM operations, an OI scoring model predicted value based on a learned OI
scoring model may be used to facilitate scheduling a new workload in a grouping or cluster of
computing resources. Also, workloads may be moved or migrated from one computing resource
(e.g., a first server) to another computing resource (e.g., secoﬁd server) to improve workload
balance throughout the data center using OI scoring model predicted values based on the learned
OI scoring model.

According to some examples, an Ol scoring model may be implemented using an example
weighted sum model (WSM). The WSM may resolve objectives related to multiple attributes
that may include, but are not limited to, thermal attributes, performance attributes, power
attributes or reliability attributes. Example equation (1) may be used for this WSM:

(1 Ol = w_pe*perf + w_po*power + w_t*thermal + w_r*reliability
Where: w-pe, w_po, w_t, w_r are respective OI weight factors for performance, power,
thermal and reliability attributes ‘
w-pe +w_po+w_t+w_r=1
w_pe, w_po, w_t, w_r>=0
For example equation (1), OI weight factors of the four attributes for performance, power,

thermal and reliability may be normalized to [0,1] before a WSM calculation.
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In some examples, constraining rules may be added to a learned OI scoring model to
prevent occurrence of invalid corner cases. For example, an Ol scoring model predicted value
may be set to a value of 0 if computing resources such as a CPU hits or exceeds a throttle
temperature threshold (thermal attribute), if a computing resource such as a memory module hits
its throttle temperature (thermal attribute), if a computing resource such as a hard drive
temperature is large than 60° Celsius (thermal attribute), a processor cache miss rate exceeds a
threshold (performance attribute), network data throughput latencies exceed a threshold
(performance attribute), power utilization rates exceed a threshold (power attribute), memory
access latencies exceed a threshold (performance attribute) or one or more QoS, RAS or SLA
requirements (e.g., failure probabilities, downtime rates, etc.) are predicted not to be met
(reliability attributes). Examples are not limited to the above-mentioned constraining rules.

FIG. 2 illustrates an example board 200. As shown in FIG. 2, board 200 may include a
controller 230, a resource plane interface 240, a control plane interface 250 and hardware
resources 270. In some examples, hardware resources / disaggregate physical elements 270 may
be communicatively coupled to resource plane 140 of system 100 through resource plane
interface 240. Also, controller 230 may communicatively couple to control plane 150 of system
100 through control plane interface 250.

According to some examples, hardware resources / disaggregate physical elements 270
may include various types of configurable computing resources or disaggregate physical
elements such as, but not limited to central processing units (CPUs) or processors, storage
devices, memory devices, NW I/O devices, NW switches, virtual machines, power modules,
cooling modules, fans, etc. Also, controller 230 may include logic and/or features capable of
providing operating information associated with hardware resources / disaggregate physical
elements 270 via a contro} plane such as control plane 130 to a data center manager (e.g., data
center management/system 108). In some examples, controller 230 may be configured or
arranged to function as a baseboard management controller (BMC) or manageability engine for
hardware resources / disaggregate physical elements 270 to function within a rack such as rack
110-2. Controller 230 may gather or collect operating information to be sent to the data center
manager for use in generating one or more learned OI scoring models. The operating
information may be sent or forwarded via an IPMI via control plan 130 using protocols in
accordance with the IPMI specification.

FIG. 3 illustrates an example system 300. As shown in FiG. 3, in some examples, system
300 may include a controller node 310 coupled in communication with an energy agent on a

compute node 320 and a thermal stress indicator core 330. For these examples, controller node

PCT/US2016/055056
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310 may be located with a data center manager (e.g., located with data center
management/system 108) and energy agent on a compute node 320 may be a controller located
at a shelf or slot of a rack (e.g., rack 110-2). Also, thermal stress indicator core 330 may also be
implemented by other logic and/or features of the data center manager.

In some examples, thermal stress indicator core 330 may be arranged to utilize a thermal
stress indicator prediction model 332 to determine an OI scoring model predicted value for an
objective related to thermal attributes. For these examples, energy agent at compute node 320
may provide operating information to thermal stress indicator core 330 for possible use in
generating a learned OI scoring mode!l. A determined OI scoring model predicted value based
on the learned OI scoring mode! may then be sent to a policy engine for energy service 314 at
controller node 310 and then used by OpenStack 312 to schedule a workload. As described more
below, this process may be used to evaluate an impact of a workload to be fulfilled by computing
resources managed by controller node 310 in order to schedule the workload.

In some examples, a leaned OI scoring model may be utilized in an OpenStack nova
scheduler included in OpenStack 312 located with controlier node 310 as shown in FIG. 3. For
these examples, the OI scoring model may be learned separately for each computing resource
(e.g., a server) in a computing or OpenStack cluster. When a new workload is to be run in the
OpenStack cluster, each computing resource (e.g., server) from that cluster may be tested one by
one and a prediction made as to what the computing resource’s status would be after adding this
new workload to the respective computing resource. Each prediction may be facilitated by the
learned OI scoring model for the respective computing resource. A computing resource may
then be picked based on the computing resource having the highest OI scoring model predicted
value. The new workload may then be scheduled to the picked computing resource.

According to some examples, an O scoring model may be utilized in OpenStack nova
live-migration. For these examples, a computing resource may. break an OI objective constraint
rule. This may lead to a need to cause one or more workloads to be supported by a different
computing resource. Computing resources in a designated targét pool may be tested one by one
with learned OI scoring models. A prediction may be made of what the status of a given
computing resource will be after adding to or calising the migrated workload to be supported by
the respective computing resource. This prediction may be done by each computing resource’s
learned OI scoring model. A computing resource from the destination pool having the highest
Ol scoring model predicted value may be picked or selected and the migrated workload may then

be scheduled to the selected computing resource.
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FIG. 4 illustrates an example flow 400. In some examples, flow 400 may be implemented
by elements of systems 100, 200 or 300 as shown in FIGS. 1-3. Although flow 400 is not
limited to elements included in these sysiems. For these examples, flow 400 illustrates how an
Ol scoring model may be learned or built to generate a prediction value for one or more
objectives related to one or more given attributes.

At block 410, a workload type or profile may be determined to evaluate impacts on
c&)mputing resources. In some examples, a control feature is workload distribution (e.g.,
different workload types or profiles in OpenStack VM operations). For example, wdrk]oad type
or profile may include, but is not limited to whether the workload type or profile is processing or
CPU intensive, memory intensive, network switch intensive, storage intensive, a balance of each
of these various workload types or profiles or a combination of these various workload types or
profiles.

At block 420, capture data may include capturing or collecting training operating
information for different workload running cases. The workloads used in training should
envelop the workloads run after deployment. In some examples, capturing training operating
information may include collected operating information from computing resources that may be
arranged or capable of being arranged to support the determined workload type or profile. For
example, a workload type or profile that is processing or CPU intensive may capture training
operating information that includes operating information from processing or computing
resources. The operating information for a CPU intensive workload, for example, may include,
but is not limited to, data associated with cache misses or number of CPU instructions
implemented over a given period of time.

At block 430, cluster grouping may include using techniques such as k-means clustering to
do cluster grouping for training operating information. For example, use of k-means clustering
may include use of a k-means or Lloyd’s algorithm to facilitate cluster grouping for the training
operating information. )

At block 440, tune cluster boundary may include using pre-defined domain knowledge
based rules to tune cluster boundaries associated with each determined cluster grouping
determined in block 430. The pre-defined domain knowledge based rules may include, but are
not limited to, such rules as a CPU idle mode, a fan speed maximum RPM, maximum inlet or
outlet temperature, etc.

At block 450, learn a classifier may include using SVM to learn a classifier based on the

cluster grouping determined at block 430. In some examples, via use of SVM, captured training
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operating information may be analyzed to establish patterns and classify the training operating
information associated with the workload type or profile.

At block 460, regression fit function may include using a least squares method or approach
to assign a regression fit function to the classified training operating information. An example
regression fit function prototype may be a linear function. In some examples, the regression fit
function may be able to predict operating values related to thermal, performance, power, or
reliability attributes that may then be used as inputs to example équation (1) to determine an OI
scoring model predicted value. The process then comes to an end.

FIG. 5 illustrates an example flow 500. In some examples, flow 500 may be implemented
by elements of systems 100, 200 or 300 as shown in FIGS. 1-3. Although flow 500 is not
limited to elements included in these systems. For these examples, flow 500 illustrates how to
evaluate an impact of a workload to be fulfilled by computing resources included in a system
such as system 100, 200 or 300.

At block 510, new workload distribution may cause an evaluation of the impact of the new
workload on one or more computing resources (e.g., included in a data center). The new
workload, for example, may be associated with a workload type or profile that may be
processing or CPU intensive, memory intensive, network switch intensive, storage intensive or a
balance of each of these various workload types or profiles.

At block 520, use SVM classifier may include using an SVM as mentioned at block 450 of
flow 400 to determine which class the new workload distribution may belong to. In some
examples, expected impacts on computing resources based on the new workload’s profile or Lype
may be used as one or more input status vectors to the SVM to determine the class.

At block 530, use regression function may include using the regression fit function
determined at block 460 for the given class determined in block 520 to calculate the OI scoring
model predicted value from an OI scoring model that was learned based on one or more
objectives related to one or more attributes. In some examples, each computing resource or
grouping of computing resources that may be subjected to the new workload distribution may
have separate OI scoring model predicted values calculated.

According to some examples, a WSM may be used to resolve the one or more objectives
related to thermal, performance, power, or reliability attributes while calculating the separate Ol
scoring model predicted values. Example equation (1) may be used to determine the separate OI
scoring model predicted values. Use of example equation (1) may include determining an OI
weight factor for eéch of the thermal, performance, power, or reliability attributes. Also, the

regression fit function may be used to predict operating values related to or corresponding to the
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weighted thermal, performance, power, or reliability attributes. The predicted operating values
for thermal, performance, power, or reliability attributes may then be used as inputs to example
equation (1) along with respective Ol weight factors to determine an OI scoring mode! predicted
value.

At block 540, evaluate value may include evaluating the OI scoring model predicted value
calculated for each computing resource or grouping of computing resources that may be
subjected to the new workload distribution to determine the impact of the new workload
distribution on these computing resources. In some examples, the evaluation may include
determining which computing resource or grouping of computing resources has the highest OI
scoring model predicted value.

According to some examples, constraining rules may also be applied to each evaluated 0)1
scoring model predicted value to prevent occurrence of invalid corner cases. For example, if use
of the regression fit function indicates a predicted value related to a thermal attribute such as a
memory module hitting a throttle temperature for a given computing resource or grouping of
computer resources, the OI scoring model predicted value may be set to 0. Setting the value to 0
may eliminate selection of the given computing resource or grouping of computing resources for
supporting the new workload.

At block 550, schedule workload may include scheduling vthe new workload‘ to at least
some of the computing resources based on the evaluation of the OI scoring model predicted
value. The process then comes to an end.

FIG. 6 illustrates an example block diagram for an apparatus 600. Although apparatus 600
shown in FIG. 6 has a limited number of elements in a certain topology, it may be appreciated
that the apparatus 600 may include more or less elements in alternate topologies as desired for a
given implementation.

The apparatus 600 may be supported by circuitry 620 maintained at a computing device
including logic or features to support a manager or controller for configurable computing
resources (e.g. for managing a data center). Circuitry 620 may be arranged to execute one or
more software or firmware implemented modules, components or logic 622-a. It is worthy to
note that “a” and “b” and “c” and similar designators as used herein are intended to be variables
representing any positive integer. Thus, for example, if an implementation sets a value for a = 6,
then a complete set of software or firmware for modules, components or logic 622-a may include
component 622-1, 622-2, 622-3, 622-4, 622-5 or 622-6. The elxamples presented are not limited
in this context and the different variables used throughout may represent the same or different

integer values.
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According to some examples, circuitry 620 may include a processor, processor circuit or
processor circuitry. Circuitry 620 may be part of computing device circuitry that includes
processing cores (e.g., used as a central processing unit (CPU)). The circuitry including one or
more processing cores can be any of various commercially available processors, including
without limitation an AMD® Athlon®, Duron®. and Opteron® processors; ARM® application,
embedded and secure processors; Qualcomm® Snapdragon, IBM®, Motorola® DragonBall®,
Nvidia®Tegra® and PowerPC® processors; IBM and Sony® Cell processors; Intel® Celeron®,
Core (2) Duo®, Core i3, Core i5, Core i7, Itanium®, Pentium®, Xeon®, Atom®, and XScale®
processors; and similar processors. Dual microprocessors, multi-core processors, and other
multi-processor architectures may also be employed as part of circuitry 620. According to some
examples circuitry 620 may also be an application specific integrated circuit (ASIC) and at least
some components, modules or logic 622-a may be implemented as hardware elements of the
ASIC.

According to some examples, apparatus 600 may include a collect component 622-1.
Collect component 622-1 may be executed by circuitry 620 to collect or receive operating
information associated with one or more computing resources of a data center. The operating
information may include training operating information and may be collected or received (e.g.,
from controller at a rack) via operating information 615. The training operating information may
be collected responsive to receiving workload type 605 that may indicate a workload type or
profile for which collect component 622-1 is to collect or gather the training operating
information from the one or more computing resources of the data center while these computing
resources support the indicated workload type or profile.

According to some examples, apparatus 600 may also include a store component 622-2.
Store component 622-2 may be executed by circuitry 620 to at least temporarily store the
training operating information collected or gathered by collect component 622-1.

In some examples, apparatus 600 may also include a distribution component 622-3.
Distribution component 622-3 may be executed by circuitry 620 to receive an indication of a
workload distribution for a workload to be supported by one or more computing resources of the
data center. The workload may be either a new workload or redistributed workload (e.g.,
migrated from a computing resource). The workload may be associated with a workload type or
profile that may be processing or CPU intensive; memory intensive, network switch intensive,
storage intensive or a balance of each of these various workload types or pfofiles.

According to some examples, apparatus 600 may also iﬁclude a classify component 622-4.

Classify component 622-4 may be executed by circuitry 620 to determine a class for the
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workload based on a workload type or profile for the workload. In some examples, classify
component 622-4 may use training operating information collected by collect component 622-1
and stored by store component 622-2 to cluster group the training operating information via k-
means clustering, learn a classifier based on the cluster group of the training operating
information via a support vector machine (SVM) and assign a regression fit function to classified
training operating information classified by the classifier based on a least squares approach.

In some examples, apparatus 600 may also include a model component 622-5. Model
component 622-5 may be executed by circuitry 620 to detemiﬁe predicted operating values for
at least one of the one or more computing resources based on the class and input the one or more
predicted operating values in at least one scoring model (e.g., a leamed OI scoring model) to
evaluate the workload being supported by the at least one of the one or more computing
resources. According to some examples, objective information 610 may be added to the scoring
model as part of the evaluation. Objective information 610 may be related to one or attributes
such as thermal attributes, performance attributes, power attributes or reliability attributes. In
order to balance objectives related to these attributes, module component 622-5 may determine
separate weight factors for individual attributes of a plurality of attributes, at least one predicted
operating value from among the predicted operating values to correspond to an individual
attribute of the plurality of attributes. Module component 622-5 may then multiply the separate
weight factors for individual attributes with corresponding predicted operating values, sum
products of the multiplication of the separate weight factors for individual attributes with
corresponding predicted operating values to generate a scoring model predicled value and
evaluate the workload based on the scoring model predicted value.

In some examples, apparatus 600 may also include a schedule component 622-6. Schedule
component 622-6 may be executed by circuitry 620 to schedule the workload to the one or more
computing resources based on the evaluation conducted by module component 622-5. Schedule
workload 630 may include information directing the computing resources to fulfill and/or
support the workload. A

Included herein is a set of logic flows representative of ex'ample mefhodologies for
performing novel aspects of the disclosed architecture. While, for purposes of simplicity of
explanation, the one or more methodologies shown herein are shown and described as a series of
acts, those skilled in the art will understand and appreciate that the methodologies are not limited
by the order of acts. Some acts may, in accordance therewith, occur in a different order and/or
concurrently with other acts from that shown and described herein. For example, those skilled in

the art will understand and appreciate that a methodology could alternatively be represented as a
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series of interrelated states or events, such as in a state diagram. Moreover, not all acts
illustrated in a methodology may be required for a novel implementation.

A logic flow may be implemented in software, firmware, and/or hardware. In software and
firmware embodiments, a logic flow may be implemented by computer executable instructions
stored on at least one non-transitory computer readable medium or machine readable medium,
such as an optical, magnetic or semiconductor storage. The embodiments are not limited in this
context.

FIG. 7 illustrates an example of a logic flow. As shown in FIG. 7 the logic flow includes a
logic flow 700. Logic flow 700 may be representative of some or all of the operations executed
by one or more logic, features, or devices described herein, such as apparatus 700. More
particularly, logic flow 700 may be implemented by at least distribution component 622-3,
classify component 622-4, model component 622-5 or schedule component 622-6.

According to some examples, logic flow 700 at block 702 may receive, at a processor
circuit, an indication of a workload distribution for a workload to be supported by one or more
computing resources of a data center. For these examples, distribution component 622-1 may
receive the operating information.

In some examples, logic flow 700 at block 704 may determine a class for the workload
based on a workload type or profile for the workloéd. For these examples, classify component
622-4 may determine the class for the workload.

According to some examples, logic flow 700 at block 706 may determine predicted
operating values for at least one of the one or more computing resources based on the class and
inputting the one or more predicted operating values in at least one scoring model to evaluate the
workload being supported by the at least one of the one or more computing resources. For these
examples, module c'omponent 622-5 may determine the predicted operating values and evaluate
the workload. '

In some examples, logic flow 700 at block 708 may schedule the workload to the at least
one of the one or more computing resources based on the evaluation. For these examples,
schedule component 622-6 may schedule the workload.

FIG. 8 illustrates an example of a storage medium 800. Storage medium 800 may
comprise an amcle of manufacture. In some examples, storage medium 800 may include any
non-transitory computer readable medium or machine readable medium, such as an optical,
magnetic or semiconductor storage. Storage medium 800 may store various types of computer
executable instructions, such as instructions to implement logic flow 700. Examples of a

computer readable or machine readable storage medium may include any tangible media capable
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of storing electronic data, including volatile memory or non-volatile memory, removable or non-
removable memory, erasable or non-erasable memory, writeable or re-writeable memory, and so
forth. Examples of computer executable instructions may include any suitable type of code, such
as source code, compiled code, interpreted code, executable code, static code, dynamic code,
ijéct-oriented code, visual code, and the like. The examples are not limited in this context.

FIG. 9 illustrates an example computing platform 900. In some examples, as shown in
FIG. 9, computing platform 900 may include a processing component 940, other platform
components or a communications interface 960. According to some examples, computing
platform 900 may be implemented in a computing device such as a server ina system éuch asa
data center or servef farm that supports a manéger or controller for managing configurable
computing resources as mentioned above.

According to some examples, processing component 940 may execute processing
operations or logic for apparatus 600 and/or storage medium 900. Processing component 940
may include various hardware elements, software elements, or a combination of both. Examples
of hardware elements may include devices, logic devices, components, processors,
Mmicroprocessors, Circuits, processor circuits, circuit elements (e.g., transistors, resistors,
capacitors, inductors, and so forth), integrated circuits, application specific integrated circuits
(ASIC), programmable logic devices (PLD), digital signal proc'essors (DSP), field programmable
gate array (FPGA), memory units, logic gates, registers, semiconductor device, chips,
microchips, chip sets, and so forth. Examples of software elements may include software
components, programs, applications, computer programs, application programs, device drivers,
system programs, software development programs, machine programs, operating system
software, middleware, firmware, software modules, routines, subroutines, functions, methods,
procedures, softwafe interfaces, application program interfaces (API), instruction sets,
computing code, computer code, code segments, computer code segments, words, values,
symbols, or any combination thereof. Determining whether an example is implemented using
hardware elements and/or software elements may vary in accordance with any number of factors,
such as desired computational rate, power levels, heat tolerances, processing cycle budget, input
data rates, output data rates, memory resources, data bus speeds and other design or performance
constraints, as desired for a given example.

In some examples, other platform components 950 may include common computing
elements, such as one or more processors, multi-core processors, C0-processors, memory units,
chipsets, controllers, peripherals, interfaces, oscillators, timing devices, video cards, audio cards,

multimedia input/output (/O) components (e.g., digital displayé), power supplies, and so forth.
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Examples of memory units may include without limitation various types of computer readable
and machine readable storage media in the form of one or more higher speed memory units, such
as read-only memory (ROM), random-access memory (RAM), dynamic RAM (DRAM),
Double-Data-Rate DRAM (DDRAM), synchronous DRAM (SDRAM), static RAM (SRAM),
programmable ROM (PROM), erasable programmable ROM (EPROM), electrically erasable
programmable ROM (EEPROM), flash memory, polymer memory such as ferroelectric polymer
memory, ovonic memory, phase change or ferroelectric memory, silicon-oxide-nitride-oxide-
silicon (SONOS) memory, magnetic or optical cards, an array of devices such as Redundant
Array of Independent Disks (RAID) drives, solid state memory devices (e.g., USB memory),
solid state drives (SSD) and any other type of storage media suitable for storing information.

In some examples, communications interface 960 may include logic and/or features to
support a communication interface. For these examples, communications interface 960 may
include one or more communication interfaces that operate according to various communication
protocols or standards to communicate over direct or network communication links. Direct
communications may occur via use of communication protocols or standards described in one or
more industry standards (including progenies and variants) such as those associated with the PCI
Express specification. Network communications may occur via use of communication protocols
or standards such those described in one or more Ethernet standards promulgated by the Institute
of Electrical and Electronics Engineers (IEEE). For example, one such Ethernet standard may
include IEEE 802.3-2012, Carrier sense Multiple access with Collision Detection (CSMA/CD)
Access Method and Physical Layer Specifications, Published in December 2012 (hereinafter
“IEEE 802.3”). Network communication may also occur according to one or more OpenFlow
specifications such as the OpenFlow Hardware Abstraction AP] Specification. Network
communications may also occur according to Infiniband Architecture Specification, Volume 1,
Release 1.3, published in March 2015 (“the Infiniband Architecture specification™).

Computing platform 900 may be part of a computing device that may be, for example, a
server, a server array or server farm, a web server, a network sérver, an Internet server, a work
station, a mini-computer, a main frame computer, a supercomputer, a network appliance, a web
appliance, a distributed computing system, multiprocessor systems, proceésor-based systems, or
combination thereof. Accordingly, functions and/or specific configurations of computing
platform 900 described herein, may be included or omitted in various embodiments of
computing platform 900, as suitably desired. A

The components and feﬁtures of computing platform 900 may be implemented using any

combination of discrete circuitry, ASICs, logic gates and/or single chip architectures. Further,
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the features of computing platform 900 may be implemented using microcontrollers,
programmable logic arrays and/or microprocessors or any combination of the foregoing where
suitably appropriate. It is noted that hardware, firmware and/or software elements may be
collectively or individually referred to herein as “logic” or “circuit.”

It should be appreciated that the exemplary computing platform 900 shown in the block
diagram of FIG. 9 may represent one functionally descriptive example of many potential
implementations. Accordingly, division, omission or inclusion of block functions depicted in the
accompanying figures does not infer that the hardware components, circuits, software and/or
elements for implementing these functions would necessarily be divided, omitted, or included in
embodiments.

One or more aspects of at least one example may be implemented by representative
instructions stored on at least one machine-readable medium which represents various logic
within the processor, which when read by a machine, computing device or system causes the
machine, computing device or system to fabricate logic to perform the techniques described
herein. Such representations, known as “IP cores” may be stored on a tangible, machine
readable medium and supplied to various customers or manufacturing facilities to load into the
fabrication machines that actually make the logic or processor.

Various examples may be implemented using hardware elements, software elements, or a
combination of both. In some examples, hardware elements may include devices, components,
processors, microprocessors, circuits, circuit elements (e.g., transistors, resistors, capacitors,
inductors, and so forth), integrated circuits, application specific integrated circuits (ASIC),
programmable logic devices (PLD), digital signal processors (DSP), field programmable gate
array (FPGA), memory units, logic gates, registers, semiconductor device, chips, microchips,
chip sets, and so forth. In some examples, software elements may include software components,
programs, applications, computer programs, application programs, system programs, machine
programs, operating system software, middleware, firmware, software modules, routines,
subroutines, functions, methods, procedures, software interfaces, application program interfaces
(API), instruction sets, computing code, computer code, code segments, computer code
segments, words, values, symbols, or any combination thereof. Determining whether an
example is implemented hsing hardware elements and/or software elements may vary in
accordance with any number of factors, such as desired computational rate, power levels, heat
tolerances, processing cycle budget, input data rates, output data rates, memory resources, data

bus speeds and other design or performance constraints, as desired for a given implementation.
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Some examples may include an article of manufacture or at least one computer-readable
medium. A computer-readable medium may include a non-transitory storage medium to store
logic. In some examples, the non-transitory storage medium may include one or more types of
computer-readable storage media capable of storing electronic data, including volatile memory
or non-volatile memory, removable or non-removable memory, erasable or non-erasable
memory, writeable or re-writeable memory, and so forth. In some examples, the logic may
include various software elements, such as software components, programs, applications,
computer programs, application programs, system programs, machine programs, operating
system software, middleware, firmware, software modules, routines, subroutines, functions,
methods, procedures, software interfaces, API, instruction sets, computing code, computer code,
code segments, computer code segments, words, values, symbols, or any combination thereof.

According to some examples, a computer-readable medium may include a non-transitory
storage medium to store or maintain instructions that when executed by a machine, computing
device or system, cause the machine, computing device or system to perform methods and/or
operations in accordance with the described examples. The instructions may include any
suitable type of code, such as source code, compiled code, interpreted code, executable code,
static code, dynamic code, and the like. The instructions may be implemented according to a
predefined computer language, manner or syntax, for instructing a machine, computing device or
system to perform a certain function. The instructions may be irhplemented using any suitable
high-level, low-level, object-oriented, visual, compiled and/or interpreted programming
language.

Some examples may be described using the expression “in one example” or “an example”
along with their derivatives. These terms mean that a particular feature, structure, or
characteristic described in connection with the example is included in at least one example. The
appearances of the phrase “in one example” in various places in the specification are not
necessarily all referring to the same example.

Some examples may be described using the expression "coupled” and "connected" along
with their derivatives. These terms are not neceésarily intended as synonyms for each other. For
example, descriptions using the terms “connected” and/or “coupled” may indicate that two or
more elements are in direct physical or electrical contact with éach other. The term "coupled,”
however, may also mean that two or more elements are not in direct contact with each other, but
yet still co-operate or interact with each other.

The following examples pertain to additional examples of technologies disclosed herein.
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Example 1. An example apparatus may include circuitry. The apparatus may also
include a distribution logic for execution by the circuitry to receive an indication of a workload
distribution for a wbrkload to be supported by one or more computing resources of a data center.
The apparatus may also include a classify logic for execution By the circuitry to determine a
class for the workload based on a workload type or profile for the workload. The apparatus may
also include a model logic for execution by the circuitry to determine predicted operating values
for at least one of the one or more computing resources based on the class and input the one or
more predicted operating values in at least one scoring model to evaluate the workload being
supported by the at least one of the one or more computing resources. The apparatus may also
include a schedule iogic for execution by the circuitry to schedule the workload to the at least
one of the one or more computing resources based on the evaluation.

Example 2. The apparatus of example 1, the model logic to input the predicted operating
values in at least one scoring model to evaluate the workload may include the model logic to
determine separate weight factors for individual attributes of a plurality of attributes, at least one
predicted operating value from among the predicted operating values to correspond to an
individual attribute of the plurality of attributes. The module logic may also multiply the
separate weight factors for individual attributes with corresponding predicted operating values.
The model logic may also sum products of the multiplication of the separate weight factors for
individual attributes with corresponding predicted operating values to generate a scoring model
predicted value. The model logic may also evaluate the workload based on the scoring model
predicted value.

Example 3. The apparatus of example 2, the separate weight factors may be normalized to
[0, 1].

Example 4. The apparatus of example 2, the plurality of attributes may include a thermal
attribute, a performance attribute, a power attribute or a reliability attribute.

Example 5. The apparatus of example 4, a first predicted operating value corresponding to
the thermal attribute may include a predicted operating temperature for at least one of the one or
more computing resources. A second predicted operating value corresponding to the
performance attribute may include a predicted cache miss rate for at least one of the one or more
computing resources. A third predicted operating value corresp‘onding to the power attribute
may include a predicted power utilization rate for at least one of the one or more computing
resources. A fourth predicted operating value corresponding to the reliability attribute may

include a failure probability for at least one of the one or more computing resources.
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Example 6. The apparatus of example 5, the model logic may apply one or more
constraining rules to the scoring model predicted value to cause the scoring model predicted
value to be set to a value of 0 if at least one of the one or more constraihing rules are met. For
these examples, the one or more constraining rules may include the predicted operating
temperature exceeding a throttle temperature threshold for at least one of the one or more
computing resourcés, the predicted cache miss rate exceeding a cache miss rate threshold, the
predicted power utilization rate exceeding a power utilization rate threshold or the failure
probébilily exceeding a failure probability threshold.

Example 7. The apparatus of example 1, the one or more computing resources may
include one or more of a processor, a memory device, a storage. device, a power module, a
cooling module, a network input/output device, a network switch or a virtual machine.

Example 8. The apparatus of example 1 may also include a collect logic for execution by
the circuitry to gather training operating information for one or more workloads included in the
workload type or profile while the one or more computing resources of the data center support
the one or more workloads. The apparatus may also include a store logic for execution by the
circuitry to store the gathered training operating information. For these examples, the classify
logic may use the stored and gathered training operating information to cluster group the training
operating information via k-means clustering, learn a classifier based on the clustef group of the
training operating information via an SVM and assign a regression fit function to classified
training operating information classified by the classifier based on a least squares approach.

Example 9. The apparatus of example 8, the model logic to determine (he one or more
predicted operating values based on the class may include the model logic to use the regression
fit function assigned to the classified training opérating information to determine the one or more
predicted operating values.

Example 10. The apparatus of example 8, the workload type or profile may include one of
a first workload type or profile that is processing or processor intensive, a second workload type
or profile that is memory intensive, a third workload type or profile that is network switch
intensive, a fourth workload type or profile that is storage intensive or a fifth workload type or
profile that is a balanced workload type or profile that has relatively equal processor, memory,
network switch and storage intensities. N

Example 11. The apparatus of example 8, the training operating information may include
an inlet or an outlet temperature for a platform or rack housing the one or more computing
resources, a power consumption for a platform or rack housing the one or more computing

resources, processor cache miss information, network data throughput latency information,
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memory access latency information, throttling activation information for the one or more
computing resources, margin to a peak operating temperature threshold for the one or more
computing resources, or a volumetric airflow for a platform and/or rack housing the one or more
computing resources.

Example 12. The apparatus of example 1 may also include a digital display coupled to the
circuitry to present a user interface view.

Example 13. An example method may include receiving, at a processor circuit, an
indication of a workload distribution for a workload to be supported by one or more computing
resources of a data center. The method may also in¢lude determining a class for the workload
based on a workload type or profile for the workload. The method may also include determining
predicted operating values for at least one of the one or more computing resources based on the
class and inputting the one or more predicted operating values in at least one scoring model to
evaluate the workload being supported by the at least one of the one or more computing
resources. The method may also include scheduling the workload to the at least one of the one
or more computing resources based on the evaluation.

Example 14. The method of example 13 may include inputting the predicted operating
values in at least one scoring model to evaluate the workload based on determining separate
weight factors for individual attributes of a plurality of attributes, at least one predicted operating
value from among the predicted operating values to correspond' to an individual attribute of the
plurality of attributes. The method may also include multiplying the separate weight factors for
individual attributes with corresponding predicted operating values. The method mnay also
include summing products of the multiplication of the separate weight factors for individual
attributes with corresponding predicted operating values to generate a scoring model predicted
value. The method may also include evaluating the workload based on the scoring model
predicted value.

Example 15. The method of example 14, the separate weight factors may be normalized to
[0, 11. |

Example 16. The method of example 14, the plurality of attributes may include a thermal
attribute, a performance attribute, a power attribute or a reliability attribute.

Example 17. The method of example 16, a first predicted operating value corresponding to
the thermal attribute includes a predicted operating temperature for at least one of the one or
more computing resources, a second predicted operating value corresponding to the performance
attribute includes a predicted cache miss rate for at least one of the one or more computing

resources, a third predicted operating value corresponding to the power attribute includes a

20

PCT/US2016/055056



WO 2017/069928 PCT/US2016/055056

10

15

20

25

30

predicted power utilization rate for at least one of the one or more computing resources and a
fourth predicted operating value corresponding to the reliability attribute includes a failure
probability for at least one of the one or more computing resources.

Example 18. The method of example 17 may also include applying one or more
constraining rules to the scoring model predicted value to cause the scoring mode! predicted
value to be set to a value of 0 if at least one of the one or more constraining rules are met. For
these examples, the one or more constraining rules may include the predicted operating
temperature exceeding a throttle temperature threshold for at least one of the one or more
computing resources, the predicted cache miss rate exceeding a cache miss rate threshold, the
predicted power utilization rate exceeding a power utilization rate threshold or the failure
probability exceeding a failure probability threshold.

Example 19. The method of example 13, the one or more computing resources may
include one or more of a processor, a memory device, a storage device, a power module, a
cooling module, a network input/output device, a network switch or a virtual machine.

Example 20. The method of example 13 may also include determining the one or more
predicted operating values based on the class may include gathering training operating
information for one or more workloads included in the workload type or profile while the one or
more computing resources of the data center support the one or more workloads. The method
may also include cluster grouping the training operating information using k-means clustering.
The method may also include learning a classifier based on the cluster grouping of the training
operating information using an SVM. The method may also include assigning a regression fit
function to classified training operating information classified by the classifier based on a least
squares approach. The method may also include using the regression fit function assigned to the
classified training operating information to determine the one or more predicted operating
values.

Example 21. The method of example 20, the workload type or profile may include one of
a first workload type or profile that is processing or processor intensive, a second workload type
or profile that is memory intensive, a third workload type or profile that is network switch
intensive, a fourth workload type or profile that is storage intensive or a fifth workload type or
profile that is a balanced workload type or profile that has relatively equal processor, memory,
network switch and storage intensities.

Example 22. The method of example 20, the training opérating information may include
an inlet or an outlet temperature for a platform or rack housing the one or more computing

resources, a power consumption for a platform or rack housing the one or more computing
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resources, processor cache miss information, network data throughput latency information,
memory access latency information, throttling activation information for the one or more
computing resources, margin to a peak operating temperature threshold for the one or more
computing resources, or a volumetric airflow for a platform and/or rack housiﬂg the one or more
computing resources. »

Example 23. An example at least one machine readable medium may include a plurality of
instructions that in response to being executed by a system may cause the system to carry out a
method according to any one of examples 13 to 22.

Example 24. An example apparatus may include means for performing the methods of any
one of examples 13 to 22. '

Example 25. An example at least one machine readable medium comprising a plurality of
instructions that in response to being executed by a system may cause the system to receive an
indication of a workload distribution for a workload to be supported by one or more computing
resources of a data center. The instructions may also cause the system to determine a class for
the workload based on a workload type or profile for the workload. The instructions may also
cause the system to determine predicted operating values for at least one of the one or more
computing resources based on the class and input the one or more predicted operating values in
at least one scoring model to evaluate the workload being supported by the at least one of the one
or more computing resources. The instructions may also causebthe system to schedule the
workload to the at least one of the one or more computing resources based on the evaluation.

Example 26. The at least one machine readable medium of example 25, the instructions to
cause the system to input the predicted operating values in at least one scoring model to evaluate
the workload may further include the instructions to cause the system to determine separate
weight factors for individual attributes of a plurality of attributes, at least one predicted operating
value from among the predicted operating values to correspond to an individual attribute of the
plurality of attributes. The instructions may also cause the system to multiply the separate
weight factors for individual attributes with corresponding predicted operating values. The
instructions may also cause the system to sum products of the multiplication of the separate
weight factors for individual attributes with corresponding predicted operating values to generate
a scoring model predicted value. The instructions may also cause the system to evaluate the
workload Abased on the scoring model predicted value. '

Example 27. The at least one machine readable medium of example 26, the separate

weight factors may be normalized to [0, 1].
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Example 28. The at least one machine readable medium of example 26, the plurality of
attributes may include a thermal attribute, a performance attribute, a power attribute or a
reliability attribute.

Example 29. The at least one machine readable medium of example 28, a first predicted
operating value corresponding to the thermal attribute may include a predicted operating
temperature for at least one of the one or more computing resources, a second predicted
operating value corresponding to the performance attribute may include a predicted cache miss
rate for at least one of the one or more computing resources, a third predicted operating value
corresponding to the power attribute may include a predicted power utilization rate for at least
one of the one or more computing resources and a fourth predicted operating value
corresponding to the reliability attribute may include a failure probability for at least one of the
one or more computing resources.

Example 30. The at least one machine readable medium of example 29, the instructions
may further cause the system to apply one or more constraining rules to the scoring model
predicted value to cause the scoring model predicted value to be set to a value of 0 if at least one
of the one or more constraining rules are met. For these examples, the one or more constraining
rules may include the predicted operating temperature exceeding a throttle temperature threshold
for at least one of the one or more computing resources, the predicted cache miss rate exceeding
a cache miss rate threshold, the predicted power utilization rate exceeding a power utilization
rate threshold or the failure probability exceeding a failure probability threshold.

Example 31. The at least one machine readable medium of example 25, the one or more
computing resources may include one or more of a processor, a memory device, a storage
device, a power module, a cooling module, a network input/output device, a network switch or a
virtual machine.

Example 32. The at least one machine readable medium 6f example 25, the instructions to
cause the system to determine the one or more predicted operating values based on the class
includes the instructions to further cause the system to gather training operating information for
one or more workloads included in the workload type or profile while the one or more
computing resources of the data center support the one or more workloads. The instructions may
also cause the systém to cluster grouping the traihing operating information using k-means
clustering. The instructions may also cause the system to learn a classifier based on the cluster
grouping of the training operating information using an SVM. The instructions may also cause
the system to assign a regression fit function to classified trainifxg operating information

classified by the classifier based on a least squares approach. The instructions may also cause
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the system to use the regression fit function assigned to the classified training operating
information to determine the one or more predicted operating values.

Example 33. The at least one machine readable medium of example 32, the workload type
or profile may include one of a first workload type or profile that is processing or processor
intensive, a second workload type or profile that is memory intensive, a third workload type or
profile that is network switch intensive, a fourth workload type or profile that is storage intensive
or a fifth workload type or profile that is a balanced workload type or profile that has relatively
equal processor, memory, network switch and storage intensities.

Example 34. The at least one machine readable medium of example 32, the training
operating information may include an inlet-or an outlet temperature for a platform or rack
housing the one or more computing resources, a power consumption for a platform or rack
housing the one or more computing resources, processor cache miss information, network data
throughput latency information, memory access latency information, throttling activation
information for the one or more computing resources, margin to a peak operating temperature
threshold for the one or more computing resources, or a volumetric airflow for a platform and/or
rack housing the one or more computing resources.

Example 35. An apparatus comprising: circuitry communicatively coupled to a data
center; a distributor for execution by the circuitry to receive an indication of a workload
distribution for a workload to be supported by one or more computing resources of a data center;
a classifier for execution by the circuitry to determine a class for the workload based on a
workload type or profile for the workload; a modeler for execuﬁon by the circuitry to determine
predicted operating values for at least one of the one or more computing resources based on the
class and input the one or more predicted operating values in at least one scoring model to
evaluate the workload being supported by the at least one of the one or more computing
resources; and a scheduler for execution by the circuitry to schedule the workload to the at least
one of the one or more computing resources based on the evaluation.

Example 36. The apparatus of claim 35, the modeler to: determine separate weight factors
for individual attributes of a plurality of attributes, at least one predicted operating value from
among the predlcted operating values to correspond to an individual attribute of the plurality of
attributes; multiply the separate weight factors for individual attributes with corresponding
predicted operating values; sum products of the multiplication of the separate weight factors for
individual attributes with corresponding predicted operating values to generate a scoring model

predicted value; and evaluate the workload based on the scoring model predicted value.
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Example 37. The apparatus of claim 36, wherein the separate weight factors are
normalized to [0, 1].

Example 38. The apparatus of claim 36, the plurality of attributes comprising a thermal
attribute, a performance attribute, a power attribute or a reliability attribute.

Example 39. The apparatus of claim 38, the predicted operating values comprising a first
predicted operating value corresponding to the thermal attribute includes a predicted operating
temperature for at least one of the one or more computing resources, a second predicted
operating value corresponding to the performance attribute includes a predicted cache miss rate
for at least one of the one or more computing resources, a third predicted operating value
corresponding to the power attribute includes a predicted power utilization rate for at least one of
the one or more computing resources and a fourth predicted operating value corresponding to the
reliability attribute includes a failure probability for at least one of the one or more computing
resources.

Example 40. The apparatus of claim 39, the modeler to apply one or more constraining
rules to the scoring model predicted value to cause the scoring model predicted value to be set to
a value of 0 if at least one of the one or more constraining rules are met, the one or more
constraining rules including: the predicted operéting temperature exceeding a throttle
temperature threshold for at least one of the one or more computing resources; the predicted
cache miss rate exceeding a cache miss rate threshold; the predicted power utilization rate
exceeding a power utilization rate threshold; or the failure probability exceeding a failure
probability threshold.

Example 41.  The apparatus of claim 35, the one or more computir'\Ag resources
comprising one or more of a processor, a memory device, a storage device, a power module, a
cooling module, a network input/output device, a network switch or a virtual machine.

Example 42. The apparatus of claim 35, comprising: a collector for execution by the
circuitry to gather training operating information for one or more workloads included in the
workload type or profile while the one or more computing resources of the data center support
the one or more workloads; and a store for execution by the circuitry to store the gathered
training operating information, the classifier to use the stored and gathered training operating
information to: cluster group the training operating information via k-means clustering; learn a
classifier based on the cluster group of the training operating information via a support vector
machine (SVM); and assign a regression fit function to classified training operating information

classified by the classifier based on a least squares approach.
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Example 43. The apparatus of claim 42, the model logic to determine the one or more
predicted operating values based on the class comprises the model logic to use the regression fit
function assigned to the classified training operating information to determine the one or more
predicted operating values.

Example 44. The apparatus of claim 42, the workload type or profile comprising one of a
first workload type or profile that is processing or processor intensive, a second workload type or
profile that is memory intensive, a third workload type or profile that is network switch
intensive, a fourth workload type or profile that is storage intensive or a fifth workload type or
profile that is a balanced workload type or profile that has relatively equal processor, memory,
network switch and storage intensities. '

Example 45. The apparatus of claim 42, the training operating information comprising an
inlet or an outlet temperature for a platform or rack housing the one or more computing
resources, a power consumption for a platform or rack hou'sing the one or more computing
resources, processor cache miss information, network data throughput latency information,
memory access latency information, throttling activation information for the one or more
computing resources, margin to a peak operating temperature threshold for the one or more
computing resources, or a volumetric airflow for a platform and/or rack housing the one or more
computing resources.

Example 46. The apparatus of claim 35, comprising a digital display coupled to the
circuitry to present a user interface view.

It is emphasized that the Abstract of the Disclosure is provided to comply with 37 C.F.R.
Section 1.72(b), requiring an abstract that will allow the reader to quickly ascertain the nature of
the technical disclosure. It is submitted with the understanding'that it will not be used to
interpret or limit the scope or meaning of the claims. In addition, in the foregoing Detailed
Description, it can be seen that various features are grouped together in a single example for the
purpose of streamlining the disclosure. This method of disclosure is not to be interpreted as
reflecting an intention that the claimed examp]es”require more features than are expressly recited
in each claim. Rather, as the following claims reflect, inventive subject matter lies in less than
all features of a single disclosed example. Thus the following claims are hereby incorporated
into the Detailed Déscription, with each claim standing on its own as a separate example. In the
appended claims, the terms "including” and "in which" are used as the plain-English equivalents
of the respective terms "comprising” and "wherein," respectively. Moreover, the terms "first,"
“second,” "third," and so forth, are used merely as labels, and are not intended to impose

numerical requirements on their objects.
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Although the subject matter has been described in language specific to structural features
and/or methodological acts, it is to be understood that the subject matter defined in the appended
claims is not necessarily limited to the specific features or acts described above. Rather, the
specific features and acts described above are disclosed as example forms of implementing the

s claims.
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CLAIMS:
1. An apparatus comprising:
circuitry;

a distribution logic for execution by the circuitry to receive an indication of a workload
distribution for a workload to be supported by one or more computing resources of a data center;

a classify logic for execution by the circuitry to determine a class for the workload based
on a workload type or profile for the workload;

a model logic for execution by the circuitry to determine predicted operating values for at
least one of the one or more computing resources based on the class and input the one or more
predicted operating values in at least one scoring model to evaluate the workload being
supported by the at least one of the one or more computing resources; and

a schedule logic for execution by the circuitry to schedule the workload to the at least one
of the one or more computing resources based on the evaluation.
2. The apparatus of claim 1, comprising the model logic to input the predicted operating
values in at least one scoring model to evaluate the workload comprises the model logic to:

determine separate weight factors for individual attributes of a plurality of attributes, at
Jeast one predicted operating value from among the predicted operating values to correspond to
an individual attribute of the plurality of attributes;

multiply the separate weight factors for individual attributes with corresponding
predicted operating values;

sum products of the multiplication of the separate weight factors for individual attributes
with corresponding predicted operating values to generate a scoring model predicted value; and

evaluate the workload based on the scoring model predicted value.

3. The apparatus of claim 2, comprising the-separate weight factors normalized to [0, 1].

4. The apparatus of claim 2, comprising the plurality of attributes including a thermal
attribute, a performance attribute, a poWer attribute or a reliabiiity attribute.

5. The apparatus of claim 4, comprising a first predicted opérating value corresponding to
the thermal attribute includes a predicted operating temperature for at least one of the one or
more computing resources, a second predicted operating value vcorresponding to the performance
attribute includes a.predicted cache miss rate for at least one of the one or more computing
resources, a third predicted operating value corresponding to the power attribute includes a
predictedA power utilization rate for at least one of the one or rﬁdre computing resources and a
fourth predicted operating value éorresponding to the reliability attribute includes a failure

probability for at least one of the one or more computing resources.
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6. The apparatus of claim 5, comprising the model logic to apply one or more constraining
rules to the scoring model predicted value to cause the scoring model predicted value to be set to
a value of 0 if at least one of the one or more constraining rules are met, the one or more
constraining rules including: o l

the predicted operating temperature exc¢cding a throttle temperature threshold for at least
one of the one or more computing resources;

the predicted cache miss rate exceeding a éache miss raté threshold;

the predicted power utilization rate exceeding a power utilization rate threshold; or

the failure probability exceeding a failuré probability threshold.

7. The épparatus of claim 1, the one or more computing rééources comprising one or more
of a processor, a memory device, a storage device, a power modaule, a cooling module, a network
input/output device, a network switch or a virtual machine.

8. The apparatus of claim 1, comprising:

a collect logic for execution by the circuitry to gather training operating information for
one or more workloads included in the workload type or profile while the one or more
computing resources of the data center support the one or more workloads;

a store logic for execution by the circuitry to store the gathered training operating
information; and

the classify logic to use the stored and gathered training operating information to:

cluster group the training operating information via k-means clustering;
learn a classifier based on the cluster group of the training operating information
via a support vector machine (SVM); and
assign a regression fit function to classified training operating information
classified by the classifier based on a 1ea§t squares approach.
9. The apparatus of claim 8, the model logic to determine the one or more predicted
operating values based on the class comprises the model logic to use the regression fit function
assigned to the classified training operating information to determine the one or more predicted
operating values.
10. The apparatus of claim 8, the workload type or profile comprising one of a first workload
type or profile that is processing or processor intensive, a second workload type or profile that is
memory intensive, a third workload type or profile that is network switch intensive, a fourth
workload type or profile that is storage intensive or a fifth workload type or profile thatis a
balanced workload type or profile that has relatively equal processor, memory, network switch

and storage intensities.
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11. The apparatus of claim 8, the training operating information comprising an inlet or an
outlet temperature for a platform or rack housing the one or more computing resources, a power
consumption for a platform or rack housing the one or more computing resources, processor
cache miss information, network data throughput latency information, memory access latency
information, throttling activation information for the one or more computing resources, margin
to a peak operating temperature threshold for the one or more computing resources, or a
volumetric airflow for a platform and/or rack housing the one or more computing resources.
12. A method comprising:
_ receiving, at a processor circuit, an indication of a workload distribution for a workload

to be supported by one or more computing resources of a data center;

determining a class for the workload based on a workload type or profile for the
workload;

determining predicted operating values for at least one of the one or more computing
resources based on the class and inputting the one or more predicted operating values in at least
one scoring model to evaluate the workload being supported by the at least one of the one or
more computing resources; and

scheduling the workload to the at least one of the one or more computing resources based
on the evaluation. 4
13. The method of claim 12, inputting the predicted operating values in at least one scoring
mod;:l to evaluate the workload comprises:

determining separate weight factors for individual attriButes of a plurality of attributes, at
least one predicted operating value from among the predicted operating values to correspond to
an individual attribute of the plurality of attributes;

multiplying the separate weight factors for individual attributes with corresponding
predicted operating values;

summing products of the multiplication of the separate weight factors for individual
attributes with corresponding predicted operating values to generate a scoring model predicted
value; and

evaluating the workload based on the scoring model predicted value.
14. The method of claim 13, comprising the separate weight factors normalized to [0, 1].
15. The method of claim 13, comprising the plurality of attributes including a thermal
attribute, a performance attribute, a power attribute or a reliability attribute.
16. The method of claim 12, determining the one or more predicted operating values based

on the class includes:

30



WO 2017/069928 PCT/US2016/055056

10

15

20

25

30

gathering training operating information for one or more workloads included in the
workload type or profile while the one or more computing resources of the data center support
the one or more workloads; '

cluster grouping the training operating information using k-means clustering;

learning a classifier based on the cluster grouping of the training operating information
using a support vector machine (SVM);

assigning a regression fit function to classified training operating information classified
by the classifier based on a least squares approach; and

using the regression fit function assigned to the classifiéd training operating information
to determine the one or more predicted operating values.
17. The method of claim 16, the workload type or profile comprising one of a first workload
type or profile that is processing or processor intensive, a second workload type or profile that is
memory intensive, a third workload type or profile that is network switch intensive, a fourth
workload type or profile that is storage intensive or a fifth workload type or profile thatis a
balanced workload type or profile that has relatively equal processor, memory, network switch
and storage intensities.
18. At least one machine readable medium comprising a plhrality of instructions that in
response to being executed by a system causes the system to carry out a method according to any
one of claims 12 to 17.
19. At least one machine readable medium comprising a plurality of instructions that in
response to being executed by a system causes the system to:

receive an indication of a workload distribution for a workload to be supported by one or
more computing resources of a data center;

determine a class for the workload based on a workload type or profile for the workload;

determine predicted operating values for at least one of the one or more computing
resources based on the class and input the one or more predicted operating values in at least one
scoring model to evaluate the workload being supported by the at least one of the one or more
computing resources; and ‘

schedule the workload to the at least one of the one or more computing resources based
on the evaluation. '
20. The at least one machine readable medium of claim 19, comprisiné the instructions to
cause the system to input the predicted operating values in at least one scoring model to evaluate

the workload further comprises the instructions to cause the system to:
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determine separate weight factors for individual attributes of a plurality of attributes, at
least one predicted operating value from among the predicted operating values to correspond to
an individual attribute of the plurality of attributes;

multiply the separate weight factors for individual attributes with corresponding
predicted operating values,

sum products of the multiplication of the separate weight factors for individual attributes
with corresponding predicted operating values to generate a scoring model predicted value; and

evaluate the workload based on the scoring model predicted value. '
21. The at least one machine readable medium of claim 20, comprising the separate weight
factors normalized to [0, 1].
22. The at least one machine readable medium of claim 20, comprising the plurality of
attributes including a thermal attribute, a performance attribute, a power attribute or a reliability
attribute.
23. The at least one machine readable medium of claim 19, the instructions to cause the
system to determine the one or more predicted operating values based on the class includes the
instructions to further cause the system to:

gather training operating information for one or more workloads included in the
workload type or profile while the one or more computing resources of the data center support
the one or more workloads;

cluster grouping the training operating information using k-means clustering;

learn a classifier based on the cluster grouping of the training operating information using
a support vector machine (SVM);

assign a regression fit function to classified training operating information classified by
the classifier based on a least squares approach; and

use the regression fit function assigned to the classified training operating information to
determine the one or more predicted operating values.
24. The at least one machine readable medium of claim 23, the workload type or profile
comprising one of a first workload type or profile that is processing or processor intensive, a
second workload type or profile that is memory intensive, a third workload type or profile that is
network switch intensive, a fourth workload type or profile that is storage intensive or a fifth
workload type or profile that is a balanced workload type or profile that has relatively equal
processor, memory, network switch and storage intensities.
25. The at least one machine readable medium of claim 23, the' training operating

information comprising an inlet or an outlet temperature for a platform or rack housing the one
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or more computing resources, a power consumption for a platform or rack housing the one or
more computing resources, processor cache miss information, network data throughput latency
information, memory access latency information, throttling activation information for the one or
more computing resources, margin to a peak operating temperature threshold for the one or more
s computing resources, or a volumetric airflow for a platform and/or rack housing the one or more

computing resources.
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