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SHARED MACHINE-LEARNING DATA STRUCTURE

BACKGROUND
[0Q01] Some data processing systems may perform machine-learning on
datasels to generate resulls. Examples of machine learning may comprise
classification, regression, clustering, densily estimation, dimensionatity
reduction, andfor other such types of analysis. In such examples, data
processing systems may analyze a dataset based on machine-earning models.

DRAWINGS

(G002 FI1G. 1A is a block diagram of some camponents an example
systern that may make use of the disclosure.
[0003] FiG. 18 is a block diagram of some components an example

system that may make use of the disclosure.

[0004] FiG. 2 is a block diagram of some components an example
system that may make use of the disclosure.

{0005] FIG. 3 is a block diagram of some components of an example
system.

[0008] FIG. 4 is a flowchart that lustrates an example sequence of

operations that may be performed by an example system.

{00071 FIG. 5is a flowchart that lustrates an example sequence of
operations that may be performed by an example system.

{0008] FIG. 8 is a flowchart that ilustrates an example sequence of
operations that may be performed by an example system.

[GG08] FIG. 7 is a flowchart that illustrates an example sequence of
operations that may be performed by an example system.

[0010] Throughout the drawings, identical reference numbers designate
sinilar, but not necessarily identical, slements. Moreover the drawings provide
examples and/or implementations consistent with the description; however, the
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description is not limited {o the examples andi/or implementations provided in
the drawings.

DESCRIPTION
[0011) Example data processing systems may comprise a non-volatile
memaory to store a maching-learning data structure. The machine-leaming data
structure may correspond fo a shared memory space of a first processing
resource and a second processing rescurce, where the second processing
resource may inclugde at least one graphics processing core. Insoms
examples, the non-volatile memory may have access speeds such that the first
processing resource and the second processing resource may processing
instructions and data direcily in the machine-learning memory structure. A daia
pracessing system, as used herein, may include, for example, a personal
computer, a portable computing device (8.g., laptop, tablet computer,
smariphone), a server, blades of a server, a processing node of a sever, a
system-on-a-chip {(SOC} computing device, a processing node of 2 80C device,
and/or other such data processing devices/systems. As used herein, a data
processing system may be referred o s a computing system or simply a
system.
{00123 Examples herein may fadiiitate improved processing efficiency,
reduced resource ulilization, and/or increased computational complexity for data
processing systems in which machine-learning may be performed. Examples
described herein may comprise a non-volatile memory resource {o store a
machine-leaming dats structure. The machine-leaming data structure may
include at least one machine-learning model, A machine-leaming model may
comprise a plurglity of operations to be performed on g datasel based atleast in
part upon madel parameters of the machine-leaming model t© generate model
resuits for the dataset.
{0013} Examples of machine-learning models may comprise regression
based models, instance based models, regularization based models, decision
tree based models, Bayesian network based models, clustering based models,
association rule leaming models, artificial neural network based models,

dimensionality reduction based models, ensemble based models, and/or other
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such types of machine-learning models. As will be appreciated, in some
examples, a machine-learning data structure may store a plurality of types of
machine-leaming models. As discussed, each machine-learning model may
comprise a sef of model parameters. Some exampies may tune mods!
parameters by performing operations of the machine-learning modet on a
tearning dataset and updating the modsi parameters based on modsl results
generated from the learning datasst.

{0014} Examples of non-volatile memory (INVM) may comprise may
comprise read-only memory {(ROM) {e.g., Mask ROM, PROM, EPROM,
EEPROM, etc.), flash memory, solid-state memory, non-volatile state RAM
(nvSRAM), hattery-hacked slatic RAM, ferroelectric RAM {(FRAM),
magnetoresistive RAM (MRAM}, phase-change memory {(PCM), magnetic tape,
optical drive, hard disk drive, 3D cross-point memory (3D XPoint),
programmable metallization cell (PCM) memory, silicon-oxide-nitride-oxide-
sificon (SONOS) memaory, resistive RAM {(RRAM), domain-wall memory {DW/M),
nano-RAM, floating junction gate RAM (FJG RAM}, memyistor memory, spin-
transfer torgue RAM {(STT-RAM), as well as other memory devices/modules that
maintains stored information across power cycles {g.g., offfon). Non-volatile
memaory that stores data across a power oycle may also be referredto as a
persistent data memory. As used herein, a non-volatile memory resource may
comprise one device and/or module or @ combination devices and/or modules,
{0015] in some examples, the non-volatile memory resource may
correspond o a class of non-volatile memory which is referred to 88 storage
class memory {SCM). In these examples, the SCM non-volatile memory is byte-
addressable, synchronous with a processing resouwrce, and in g processing
resource coherent domain. Moreover, SCM nan-volatile memory may comprise
types of memory having relatively higher readfwrite speeds as compared to
other types of non-volatile memory, such as hard-drives or magnetic tape
memory devices. Examples of SCM non-volatile memory include some types of
flash memory, RRAM, memyristors, PCM, MRAM, STT-RAM, as well as other
types of higher read/write speed persistent data memory devices. As will be

appreciated, due to relalively low read and write speeds of some types of non-
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valgtile memory, such as spin-disk hard drives, NAND flash, magnetic tape
drives, procassing resources may not directly process instructions and data with
these types of non-volatile memory. Howsver, a processing resource may
pracess insfructions and data directly with a SCM non-volatile memory.

[0018] In addition, examples may comprise processing resources
coupled to the non-volatile memory resource. In particular, an example system
may comprise a first processing resource coupled to the non-volatile memory fo
access the machine-isarming data structure; and the example system may
comptise a second processing resource coupled to the non-volatile memory to
access the machine-learning data structure. Accordingly, the machine-learning
data structure of the non-volatile memory resource is a shared memory space of
the first processing resource and the second processing resource. In some
examples described herein, a shared memory space indicates that the first
processing resource and the second processing resource may direclly
readiwrite data to and from the machine-learning data structure. Furthermore, it
will be appreciated that for a shared memory space the first processing
resource and the second processing resource may access (e.g., read/write date
to/from) the machine-learning data structure concurrently.

{06173 i example data processing systems, the first processing resource
may comprise a plurality of processing resources, and, similarly, the second
processing resource may comprise a plurality of processing resources. In some
examples, the firs{ processing resource may correspond to a general purpose
data processor, such as a central proceasing unit (CPU) that includes at least
One Processing core. In some examples, the first processing resource may
comprise an application-specific integrated circuit (ASIC), and/or other such
configurations of logical components for dala processing. in some examples,
the first processing resource may caomprise a plurality of processing cores that
may processiexecute instructions in parallel, synchronously, concurrently, in an
interleaved manner, andfor in other such instruction execution arrangements. In
some examples, each processing core may sexecule more than one instruction
thread {which is often referred to as a multi-threaded core).
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10018] The second processing resource may comprise af least one
graphics processing core, which may be referred {o as a dedicated graphics
processing core. In some examples, the second processing rescurce may
correspond 10 a graphics processing unit (GPU). in such examples, a graphics
processing core may comprise specialized circuitry and logic to process
inage/video and/or digital signal based data, In some examples, the second
processing unit may comprise a plurality of graphics processing cores that may
process large blocks of data in paraliel. In some examples, the sacond
processing unit may perform stream and/or vector proceassing with specialized
graphics processing cores. As will be appreciated, in some examples, the
second processing unit and the at least one graphics processing core thereof
may be used to exacute various fypes of operations that may not correspond o
a graphics based operation {(which is often referred to as general-purpose
computing on GPUs). In some examples, operations of at least one machine-
learning modet stared in the machine-leaming data structure of the non-volatile
meamory may be performed on a dataset using the at feast one graphics
processing core of the second processing resouwres.

{0019} Turning now o the figures, and particularly to FIGS. 1A-B, these
figures provide block diagrams that ilstrate examples of a systerm 100
Examples of a system as disclosed herein include g personal computer, a
portable electronic device {e.q., a smart phone, a {ablet, a lapiop, a wearable
device, efc.), a worksiation, a smart device, server, a processing node of a
server, a data center comprising a plurality of servers, and/or any other such
datg processing devices. In the examples of FIGS. 1A and B, the system 100
comprises a first processing rescurce 102, g second processing resource 104,
and a non-volatite memaory 108 coupled to the processing resources 102, 104,
[0020] As shown, the first processing resource 102 comprises at least
one processing core 110, and the second processing resource 104 comprises
af least one graphics processing core 112. The non-volatile memory 108 isto
store a machine-learning data structure 114 that may include at least one
machine-learning model 116. in the exampiles described herein, a first
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Furthermaore, the processing rescurce 102 may include one processor of
multiple processors, whare the processors may be configured in a single system
100 or distributed across multiple systems connected locally and/for remotely.
[0021)] As discussed previcusly, the second processing resource 104
may comprise at least one graphics processing core 112, In some examples,
the second processing resource 104 may comprise 8 multi-core graphics
processing wunit (GPUY. In some examples, the graphics processing cores may
includs an execution pipsline and a graphics progeassing core 1o perform floating
point operations {often referred to as a floaling point unit).

[0022] As further shown in the example provided in FIG. 1B, the system
100 may further comprise a processing engine 117, In such examples, the
processing engine 117 may coordinate exsoution of the at least one learming
modet 116 with the first processing resource 102. Concurrent with such
coordination, the processing engine 117 may execute, with the at least one
graphics processing core 112 of the second processing resource 104
operations of the at least one machine leaming model 116. Accordingly, it will
be appreciated, that the first processing resource 102 may coordinate
instruction issuing associated with the machine leaming model 118 for
axeqution by the graphics processing core 112 of the second processing
resource 104. In some examples coordinating execution of the at least one
machine learning model 118 with the first processing resource may comprise
causing switching of execution of at least two machine iearning models 116 in
the at least one graphics processing core 112 of the second processing
resource 104.

[0023] in the example system of FIG. 1B, the machine-leaming data
structure 114 may further include at least one dataset 118, where the at least
one dataset 118 may comprise at least one dala subset 120. As will be
appreciated, a dataset generally refers to a collection of related information, and
a data subsst generally refers {0 a separate element of such dataset. A datasset
may carrespond to various types of data or combinations of types of data.
{0024] For example, a dataset may comprise video data captured with a

video camera peripheral and stored in the machine-learning data structure 114,
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iy this example, a dala subset of such video data may comprise a time slice of
such video data, where 3 time slice may be an increment of time duration of the
video data. For example, a data subset for video data may be a time slice
having a duration of 10 seconds, 1 second, 500 milliseconds (ms), 10 ms, 1 ms,
etc. I another example, a dataset may correspond to multimedia data, such as
a combination of video and audio data. In this example, a data subset may
carrespond {o g time slice such multimedia data. In other examples, a datasst
gy corraspond o varous environmentsl measurements over time {a.q.,
temperature, pressure, elc.) delected with various types of sensors {e.g.,
temperature sensors, pressure sensors, efc.). In other examples, a data set
may correspond o measurements of various types of eleciromagnetic radiation
over time detected with various fypes of sensors {e.g., light sensors, radio wave
sensors, ultraviolet sensors, efc.). As will be appreciated, a dataset may
correspond o various other types of data collected with various other types of
sansors andfor devices.

[0025] in addition, the non-volatile memory 108 may include a machine-
learning data index 122 that may be used to point 1o various types of data
stored in the machine-leaming data structure 114 such that the first processing
resource 102 andfor the second processing resource 104 may coordinate
reading and/or writing of data in the machine-learning data structure 114, Inthis
example, the machine-learning data index 122 is Hlustrated as being stored
within the machine-leaming data structure 114; however, in other examples, the
machine-leaming data index 122 may be stored in other locations of the non-
volatile memory 108. As will be appreciated, in some examples, the machine-
learning data index 122 may be a persistent structure index and/or a persisient
object index. in some exampies, it will be sppreciated a virtual addressing
scheme may be implemented for the processing resources 102, 104 and the
non-volatile memory 108. In such examples, the machine-learning data index
122 may faciitate virtual address fransiation for physical memory addresses of
the non-volatite memeory 108.

[0026] In FIG. 1B, the example system 100 comprises g data input 124

with which data may be received from perpheral devices, such 35 sensors,
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image/video capture devices, audio capture devices, and/or other such
peripheral input devices. in some examples, the data input 124 may facilitate
capture and storage of a real-ime data stream. In these examples, the real-
time data stream may be stored as a dataset 118 in the machine-learning data
structure 114 by the first processing resource 102. Concurrent with storing of
such realtime data stream with the first processing resource 102, the second
processing resource 104 may execute operations of the at lsast one maching-
fearning modet 116 on dala subsets 120 of the datasel 118 of realdime dala
with the at least one graphics processing core 112, Therefore some examples
may facilitate real-time processing of a real-time data stream with at least one
machine-learmning model. As will be appreciated, real-time machine-learning
processing may facilitate various types of data processing operations. For
example, a machine-eaming model may correspond fo obiect recognition, and
a video daia stream may be analyzed with the object recognition machine-
learning model,

[0027] As Hustrated in FIG. 18, the non-volatile memory 108 may further
include a system memory 126, a read-only memory (ROM) 128, and/or storage
130 stored thereon. As will be appreciated, these addifional allocations of
memary 126-130 in the non-volgiite memory 108 may be accessible (e,
shared) by the first processing resource 102 and the second processing
resource 104, However, in some examples, the additional allocations of
memory 126-130 may not be shared between the first processing resource 102
and the second processing resource 104, For example, the system memory
126 may only be accessible by the first processing resource 102, Aswill be
appreciated, other example allocations of the non-volatile memory 108 may be
implemented in other exampies.

{0028] Furthermore, the system 100 may comprise a volatile memory
132. As will be appreciated, the volatile memory 132 may comprise random
access memory (RAM) or other such memory that does not persist data across
a power cycle. While the example of FIG. 1B illustrates the system memory
126, ROM 128, and storage 130 as stored in the non-volatile memory 108, it will

be appreciated that in other examples, such data may be stored in the volatile
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memory 132, In some examples, the volatiile memory may include a shared
memory portion accessible by the first processing resource 102 and the second
processing resource 104, In some sxamples, the non-volatile memory 108
and/or volatile memory 132 may include memory portions that are not shared by
the first processing resource 102 and the second processing resource 104,
{0028} While not shown in FIGS. 1A-B, for interface with a user or
operator, some example systems may include a user interface incorporating
One oFr Mone yser inputioulpud devices, e.g., one or more butions, a display, a
touchscreen, a speaker, efc. The user interface may therefore communicate
data to the processing resource and receive data from the processing resource.
For example, a user may input one or more selections via the user interface,
and the processing resource may cause data fo be ocutput on 8 scresn or.other
output device of the user interface. Furthermore, the system may comprise a
network interface device. As will be appreciated, the network interface device
comprises one of maore hardware devices 1o communicate data over one or
more communication networks, such as a network interface card.

{0030} Furthermore, example systems, such as the example system of
FIGS. 1A-B, may compnise engines, where such engines {such as the
pracessing engine 1171 may be any combingtion of hardware and prograrmming
to implement the functionalities of the respective engines. In some examples
described herein, the combinations of hardware and programming may be
implemented in a number of different ways. For example, the programming for
the engines may be processor executable instructions stored on a non-
transitory machine-readable storage medium and the hardware for the engines
may include a processing resource {0 process and execute those instructions.
[0031] in some examples, a system implementing such engines may
include the machine-readable storage medium storing the instructions and the
processing resource 1o process the instructions, or the machine-readable
storage medium may be separately stored and accessible by the system and
the processing resource. In some examples, engines may be implemented in
circuifry. Moreover, processing resources used 1o implement engines may

comprise ai least one central processing unit (CPU), a graphics processing unit
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{GPU), an application specific integrated cirouit (ASIC), a specialized controller
{e.g., @ memory controller) and/or other such types of logical components that
may be implemented for data processing.

[0032)] FIG. 2 provides g block diagram that Hlusirates an example
system 200. In this example, the system 200 comprises at least one processing
resource 202 and 8 machine readable storage medium 204. The machine-
readable storage medium 204 may represent the random access memory
(RAM} devices comprising the main storsge of the example systern 100, as well
as any supplemental levels of memory, e.g., cache memories, non-volatile or
backup memories (&.¢., programmabile or flash memories), read-only memories,
etc. In addition, machine-readable storage medium 204 may be considered to
include memory storage physically located elsewhere, a.g., any cache memory
in @ microprocessor, as well as any storage capacity used as a virtual memory,
e.g., as stored on a mass storage device or on another system in
communication with the exampie system 200, Furthermare, the maching-
readable storage medium 204 may be non-transitory. in some examples, the
processing resource 202 and machine-readable storage medium 204 may
correspond o processing units and memory devices arranged in at least one
server Inother examples, the processing resaurce 202 and machine-readable
storage medium may be arranged in a system-on-a-chip device.

{0033] in addition, the machine-readable storage medium 204 may be
encoded with and/or store instructions that may be executable by the
processing resource 202, where execution of such instructions may cause the
processing resource 202 andfor system 200 1o perform the funclionalities,
processes, andfor sequences of operations described herein. in the exampls of
FiG. 2, the machine-readable storage medium 204 comprises instructions to
access a machine-learning data structure with a first processing resource 208,
in addition, the machine-readable storage medium 204 comprises instructions
o determine a set of machine-learning models stored in the machine learning
data structure to execute for a dataset stored in the machine leaming data
structure with the first processing resource 208. Furthermore, the machine-

readabie storage medium 204 comprises instructions {o access the machine-
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iearning data structure with a second processing resource that includes at least
one graphics processing core 210. The machine-readable storage medium 204
also comprisas instructions 1o execute operations of the set of machine leaming
models on a dataset siored in the machine learning data structure with the at
least one graphics processing core of the second processing resource o
generate raspective model results for each respective machine learning model
of the set

{0034} FIG. 3 provides a block diagram that lustrates some components
of an example system 300. As discussed, in some examples, a processing
resource comprises a central processing unit (CPU), and in this example, the
system 300 comprises a CPU 302 that includes at least one core 304. insomse
examples, the CPU 302 may comprise one core 304, and in ather examples the
CPU 302 may comprise two cores 304 {referred {0 as a dual-core
configuration), four cores {referred {o as a quad-cors configuration}, stc. In
addition, the system 300 comprises a graphics pracessing unit (GPU) 306 that
inchudes at least one graphics processing core 308. As will be appreciated, in
some examples, the GPU 306 may comprise two graphics processing cores,
four graphics processing cores, eight graphics processing cores, sixteen
graphics processing cores, efc. While in this example the CPU 302 and GPU
306 are dlustrated as separate components, it will be appreciated that in some
examples, general purpose processing cores of a CPU and graphics processing
cores of a3 GPU may be inlegrated in a single component. Accordingly, in these
examples, a first processing resource may refer to general purpose processing
cores and a second processing resource may refer 1o graphics processing
cores of the single component.

[0035] As discussed praviously, a graphics processing core may include
logic and associated circuilry to execute floating operations. in addition, the
graphics processing unit 306 may comprise a plurality of graphics processing
cares and associated instruction execution pipelines such that the graphics
processing unit 308 may execute a plurality of operations in paraliel. Examples
of parallel processing architectures include single instruction multiple data

(SIMD) processing or a muitiple instruction mulliple data processing architecture
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{(MIMD). In some examples, the GPU 308 may comprise a plurality of graphics
processing cores that may perform vector processing that may be used to
concurrently perform a floating point operation on multiple different data
SOUrCEs.

[0038] As shown, the CPU 302 and GPU 308 may further comprise
cache memory 310, As will be appreciated, the cache memory Hlustrated in the
CPU 302 and GPU 306 may be dedicated memeory (L.e., nol shared), where
such cache memory 310 may comprise an instructiornrcache, a data cache,
and/or a fransiation look aside buffer. In addition, the CPU 302 and GPU 306
may be directly connected o a sharsd cache memory 312 such that the CPU
302 and GPU may access the shared cache memory 312 concurrently. As will
be appreciated, in some examples, the CPU 302 may felch instructions and
data assaciated with operations of a machine learning model concurrent with
the GPU executing operations of the machine leaming model. Accordingly, in
some examples, coordinating execution of 8 machine learning modsl may
comprise fetching instructions and/or data corresponding o the machine
learning model with the CPU 302 while the GPU 306 executes operations of the
machine learning model.

{06371 In addition, the CPU 302 and GPU 308 are connected 1o a non-
volatile memaory 314 via 8 memory bus 318 and a memory controller 318, As
will be appreciated, the memory controller 318 may facilifate reading and writing
of data for the non-volatie memory 314, While in this example, the memory
controlier 318 is fllusirated as a separate component, it will be appreciated that
in some examples, the memory controlier 318 may be located on a non-volatile
memaory module or even inlegrated into another logical component, such as the
CPU 302 andfor GPU 308. As shown, the non-volatile memary may comprise a
machine-learning data structure 320 that is a shared memory space for the CPU
302 and the GPU 308. While not shown, the non-volatile memory 314 may
have other data structures stored therein, where such other data structures may
be shared memory spaces for the CPU 302 and GPU 306 and/or such other
data structures may be dedicated memory spacss for the CPU 302 or GPU 306.
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(00381 Furthermore, in some examples, the CPRU 302 and GFU 308 may
be connected to additional memory resources 322 (e.g.. RAM, hard-drives, etc.)
via additional memory controllers 324 and the memory bus 316. As will be
appreciated, the additional memory resocurces 322 may have other shared
memaory spaces for the CPU 302 and GPU 308 as well as dedicated memory
spaces for the CPU 302 or GPU 306.

[0038] As will be appreciated, the cores 304 of the CPU 302 and the
graphics processing cores 308 of the GPU 306 may perform operations {o
implement an instruction cycle, which may also be referred o as the fetch-
decode-execute cycle. As used herain, processing instructions may refer to
parforming the feiching, decoding, and execution of instructions. Similarly,
sxecuting operalions may refer o performing the felching, decoding,; and
execution of instructions. For example, a graphics processing core 308 may be
described as execuling operations of a machine-learning mode! when the
graphics processing core 308 is feiching, decoding, and sxecuding instructions
corresponding to the machine-learning model on a datasetl.

0040} FIGS. 4-7 provide flowcharts that provide example sequences of
operations that may be performed by an example system and/or a processing
rescurce thereof o perform example processes and methods, Insome
examples, the operations included in the flowcharts may be embodied in a
memory resource {such as the example machine-readable storage medium 204
of FIG. 2) in the form of instructions that may be executable by a processing
resource to cause the system (e.g., the system 100 of FIGS. 1A-B, the system
200 of FIG. 2, the system 300 of FIG. 3) to perform the operations
corresponding to the instructions. Additionally, the examples provided in FIGS.
4-7 may be embodied in systems, machine-readable stomge mediums,
processes, and/or methods. In some examples, the example processes and/or
methods disclosed in the flowcharts of FIGS. 4-7 may be performed by one or
mare engines implementsd in a system.

[0041] Turning now o FIG. 4, this figure provides a flowchart 400 that
itlustrates an example sequence of operations that may be performed by an

axample system. Az shown, the system may access a machine-learning data
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structure stored in g shared memory space of non-volatile memary with a first
processing resowrce (block 402}, In addition, the system may access the
machine-leaming data siructure stored in the shared memory space with a
second processing resource that includes at least one graphics processing core
(block 404). The system may execute opersations of at least one machine-
learning model stored in the machine lsarning data structure on a dataset stored
in the machine-learning dala structure with at least one graphics processing
core of the second processing resource {(biock 408).

[0042] Therefore, as illustrated by the example of FIG. 4, the shared
memory space of the machine-learning data structure may facilitate concurrent
access thereof by the first processing resource and the second processing
resource. Furthermorse, the at lsast ong graphics processing core of the setond
pracessing resource may be utilized to executs operations of the machine-
tearning model which may facilitate improved processing efficiency as
comparad o execution thereof with general purpose processing cores, such as
cores of a CPU. Moreover, storage of the machine-learning models in the non-
volatite memory combined with shared access {o the maching-leaming modsls
may {actitate improved processing sficiency as compared o storage of
machine leaming models i 8 storage location and foading of such maching-
learning models fo a volatile memory for processing.

{0043] FIG. 5 provides a flowchart 450 that illustrates an example
sequence of operations that may be performed by an example system. in this
example, the system may determine a set of machine-leaming models to
execute Tor a dataset stored in a machine-learning data structure stored in a
non-volatiie memory with a first processing resource {block 452). insoms
sxamples, a machine-legrning data structure of a non-volatile memory may
store a plurality of machine-leaming models. In these examples, the system
may determine a set of at least one machine-learmning models to execute for a
datasst to be analyzed. For example, the system may determine the sst of
machine-learning models (o execute based at {east in part on a type of data of
the dataset. For example, if the dataset corresponds to multimedia data (e.g.,

video data and audio data), the system may select a particular sef of machine-
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learning modets. As another example, if the dataset corresponds to sensor data
{e.q., measured temperature, measured electromagnetic radiation intensity,
stc.}, the system may select a particular set of machine-leaming models. As will
be appreciated, the system may store at least one machine learning model for
each type of data that the system may receive for machine-learning analysis.
{0044} For the dataset, the system may execute operations of gach
machine leaming model of the sst on a dataset stored in the machine-leaming
data structure with at least one graphics pracessing corg of g second
processing resource to generate respective mode] results for each machine-
learning mode! of the set (block 454). In these examples, it will be appreciated
that if the set of machine learming models comprises more than one machine-
learning model the graphics processing coras of the second pracessing
resource may switch execution between the machine-leaming models of the

the sei, the system may update a1 least one machine-learning model stored in
the machine learning data structure {block 456).

10045} Accordingly, in some examples similar to the example provided in
FiG. 5, machine-learning models may be updaled based on moded resulls
generated from analysis of a particuiar dataset. As will be apprecialed, ifthe
particular dataset corresponds {o a8 training dataset, some machine-leaming
modeis may be tuned such that parameters of such tuned machine-learning
madeis may be further refined to facilitate improved accuracy and efficiency in
exescution of the machine-learning model.

0046] FIG. 6 provides a flowchart 500 that illustrates a sequence of
operations that may be performed by an example system. For a set of
machine-leaming models (o execuls for a dataset (block 502}, the system may
execute a respective machine-learning model of the set for a respective daia
subsst of the dataset with graphics processing cores of a second processing
resource to generate madel results for the respective data subset (block 504).
After execution of the respective machine-learning modei for the respsctive data
subset, the system may determine, with a first processing resource, whether

any additional machine-learning models remain {0 be executed {block 508). in
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response to determining that an additional machine-learning model of the sel s
o be exscuted for the respective data subset (Y branch of block 508), the
system swilches to the next machine-learing model of the set to be executed
(block 508) and proceeds with execution of the next machine leaming maodsel of
the set as the respective machine learning model (block 508}

10047} When the system determines, with the first processing resourcs,
that all of the machine-learning models of the set have besn sxeculed on the
respective data subset N7 branch of block 508}, the system determines, with
the first processing resource, whether any data subsets remain for analysis with
the set of machine-learning modeis (block 510). if subsets of data remain for
the dataset, the system proceeds 1o analyzing the next subset of data with the
set of machina-learning models {block 512). In some examples, the system
may process respective madel results generated for each respective subset of
data with the first processing resource (block $14).

[0048) Inn these examples, & will be appreciated that the system may
comprise a first processing resource, such as a CPU, and a second processing
resource that includes graphics processing cores. Accordingly, for a set of
machine-learning models to execute, the first processing resource may
coordinale execution of the set on a respeactive data subsel. In such sxiamples,
the first processing resource may facilitate switching to execution of each
machine-learning model of the set with the graphics processing cores of the
second processing resource.

00487 For example, a set of machine leaming models comprises a first
machine learning model, a second machine learning moded, and a third machine
learning model. In this example, a dataset may comprise g first dala subset, 5
second data subset, and a third data subset. As will be appreciated, the dalasst
and the set of machine leaming models may be stored in a machine-learning
data structure stored in a non-volatile memory, where the machine-leamning data
structure is a shared memory space of a first processing resource and a second
processing resource. The second processing resource may comprise a plurality
of graphics processing cores. In this example, the first processing resource

may coordinate execution of operations of the first machine-learning modes! with
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the graphics processing cores of the second processing resource. The graphics
Drocessing cores may execute operations of the first machine learming model on
the first data subset to generate first modei resuits for the first data subset. The
first model results for the first data subsel may be stored in the machine-
learning data structure by the second processing resource.

{0050} Upon completion of execution of the first machine learning model,
the first processing resource may coordinate the graphics processing cores fo
switching of execution the second machine-learning model. The graphics
processing cores of the second processing resource may execute operations of
the second machine-leaming model on the first data subset to generate second
mode! results for the first data subset. The second model resulls for the first
data subset may ba stored in the machine-learning data structure by the second
pracessing resource. Upon completion of exacution of the second machine
iearning model, the first processing resource may coordinate switching of
execition 1o the third machine-learning model. The graphics processing cores
of the second processing resource may execute operations the third machine-
learning model on the first data subset (o generate third model results for the
first data subset. The third mode! resuls for the first dala subset may be stored
in the maching leaming data structure by the second processing resource.
[0051] Upon completion of execution of the third machine learning model
on the first data subset, the first processing resource may coordinate switching
of execution to the first machine leaming model for the second data subsset.
The graphics processing cores of the second processing resource may execute
operations of the first machine leaming model on the second data subset to
gensrate first model results for the second data subset. The first moded resulls
for the second data subset may be stored in the machine-learning data
structure. As will be appreciated, the operations described with regard {o the
example may be performed for the remaining machine-leaming models and the
third data subset,

[0052] The example iflustrates that the shared memory space of the
machine-learning structure facilitates low-latency in switching betwsen

exacution of different machine-leaming models as compared 1o systems where
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switching between machine-learning models may necessilate lbading each
machine-learning maodel into a dedicated memory space of graphics processing
cores during execution. In addition, because the non-volatile memory may have
read/write speeds high snough to facilitate processing of instructions and data
directly in the non-volatite memory (such as a storage-class memory), examples
may decrease a time associated with switching between machine-leaming
madels for execution as compared o systems that may sequentially load/unload
each model into and out of a volatile memorny for execution. Furthermors,
because the non-volatile memory persists data across a power ¢ycle, the
machine-learning models and associated parameters may be stored in the non-
volatile memory.

{00831 Accordingly, in some examples speed of acceass o and exacution
of machine-leaming models may be increased as compared o systems in which
each model is stored in a storage memory having a read/write speed that does
not support direct processing of data and instructions. In such systems, sach
model is loaded (0 a memory that may be directly accessed by a CPU, such as
RAM, and, after loading to memory accessible by the CPU, the model may be
loaded o a dedicated memuory that a graphics processing core may access.
Therefore, as will be appreciated, the direct and shared accessibility of the
machine-learning data structure in a high-speed access non-volatile memaory
reduces loading and access times associated with executing a machine learming
madel. In examples where a plurality of machine-learning modeis may be
switched between, the direct and shared accessibility of the machine-learning
data structure in a high-speed access non-volatile memory may further reduce
time associated with switching between machine-learning models. Intumn,
power consumption associated with executing machine-learning models may be
reduced.

{0054] As will be appreciated, reduced processing time and increased
processing efficiency may facilitate processing of real-time data with machine-
learning models, where model results from such processing may be further
processed concurrently. FIG. 7 provides a flowchart 550 that llustrates a

sequence of operations that may be performed by an exampie system. Inthis
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gxample, the sysiem may store a real-time data stream in g machine-leaming
data structure of a non-volatile memory of the system {block 5523, inthis
example, the machine leaming data structure may be a shared memory space
for the first processing resource and a second processing resource, where the
sgcond processing resource may comprise at least one graphics processing
core. Furthermore, the first procsssing resource and the second processing
resource may directly process instructions and data with the non-volatile
memory. For example, the non-volatile memory may be g siorage class
memory non-volatile memory. In addition, { will be appreciated that the first
processing resource continues storing the real-time data stream in the machine-
learning data structure concurrent with the system performing additional
operations described herein.

[00585] In this example, the system exacutes operations of a first machine
iearning model of a set of machine-leaming models, with graphics processing
cores of the second processing resource, on a respective ime-stice of the data
stream to generate first model resulls for the respective time slice (block 554).
As discussed previously, opergtions of the machine-lsaming model may be
executed by the graphics processing cores of the second processing resource
concurrent with the storing of the realdime dala stream with the first processing
resource. When execution of the first machine-learning model on the respective
time-slice of the data stream is compleled, the system may coordinate
switching, with the first processing resource, (o a second machine-learning
modet for exacution (block 558). The system executes operations of the secong
machine-leaming model of the sat, with the graphics processing corss of the
second processing resource, on the respective time-shce of the data stream {o
generate second mode! results for the respective time-slice of data (block 558}
[00586] In this example, the system may continue processing the real-time
data with the first and second machine-learning models. Therefore, after
executing the operations of the second machine-learming model on the
respective time-shice of the data stream, the system swilches to the next
respective time slice {(block 560}, and the system repeats the operations
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described with regard to blocks 554-558 for the next respective time-slice of the
data stream.

{0057} Accordingly, as lustrated in this exampie, the first processing
resource and the second processing resource may concurrently access the
shared memory space of the machine-earning data structure. As illustrated,
the first processing resource may write data of a real-ime data stream to the
machine-learning dala structure concurrent with the second processing
resource processing the regl-time data stream with a set of machine-legrming
models.

[0058) In examples similar to the example Hlustrated in FIG. 7, it will be
appreciated that additional operations may be performed by the system based
at least in part on the modeal resulls generated for the tine-slices of the data
stream. For example, the machine-leaming models with which the realtime
data stream may be processed may correspond {o object recognition in a real-
fime video stream. In such examples, based on the mode! resulls, the system
may cutput the realdime video stream based at least in part on the model
resulis. For example, the machine-leaming models may correspond to facial
recognition and/or analysis of a real-bme video stream. In such examples, the
system may modify the real-time video stream during output based on maded
resulis such that faces may be highlighted during ocutpul. In another example,
the system may control an input peripheral based on the model results. For
exampie, the system may cause a connecied video capture device to move
based at least in part on movemeant of an identified object in the real-time video
stream. As another example, the system may be a moveable device, and the
moveable device may actuate a motor {to control movement of the devics)
based at least in part on model results.

[0059] Therefore, examples of systems, processes, methods, and/or
computer program products implemented as executable instructions stored on a
non-transitory machine-readable storage medium described herein may
facilitate processing of data with machine-learning models. In examples
described herein, 8 machine leaming data structure may be implemented in a
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that stipport direct processing of instructions and data therein, and the machine-
learning data structure may be a shared memary space for a first processing
resource {such as a CPU) and a second processing resource having at least
one graphics processing core {such as a GPU).

{0060} In examples in which the machine-learning models are stored and
executed in the shared memory space directly in the non-volatile memory,
processing inefficiencies associated with loading and switching exscution of the
machine-leaming models may be reduced. Furthermore, direct exscution of
machine-learning models in the non-volatile memory with graphics processing
cores may improve processing speed associated with executing machine-~
learning models as compared {0 execution with general purpose processing
cores, Furthermore direct execudion of the machine-leaming models in the
shared memory space may improve processing coherancy between different
processing resources (e.g., a first processing resource and a second processing
resource) such that processing times may be reduced. In addiion, in lower-
power processing systems, direct processing of data with machine-learming
models in & shared memory space of 3 non-volatile memory may reduce power
consumphion as compared fo systems in which machine-learming models ars
loaded into 8 main memory (©.9., volatile RAM) from storage and then loaded{o
dedicated memaory from the main memory.

{0061) in addition, while various examples are described herein,
elements and/or combinations of elemenis may be combined and/or removed
for various examples contemplated hereby. For example, the example
operations provided herein in the flowcharnts of FIGS. 4-7 may be performed
sequentially, concurrently, or in a different order. Moreover, some example
operations of the flowcharts may be added to cther fiowcharis, andfor some
example operations may be removed from flowcharis. Furthermore, in some
examples, various components of the example systems of FIGS. 1A-3 may be
removed, and/or other components may be added. Similarly, in some examples
various instructions of the example memories andfor machine-readable storage
mediums of FIG. 2 may be removed, and/or other instructions may be added

{such as instructions corresponding 1o the example operations of FIGS. 4-7).
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10062} The preceding description has been presented o illustrate and
describe examples of the principles described. This description is not intended
to be exhaustive or to limit examples to any precise form disclosed. Many
modifications and vanations are possible in light of this description.
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CLAIMSE:

1. A system comprising:

a non-volatile memaory 1o siore a machine-learning data structurse
including at least one machine-learming modsl;

3 first processing resource coupled to the non-volatile memory o access
the machine-lsaming data structure,

asecond processing resource including at least one graphics processing
core, the second processing resource coupled to the nonwolatile memory to
access the machine-learning data structure such that the machine-leaming data
structure is a shared memaory space of the first processing resource and the
secand processing resourees.

2. The sysiem of claim 1, further camprising a processing engine, the
processing engine to

coordinate, with the first processing resource, execution of the af least
one machine-leaming maodel, and

execute, with the gt least one graphics processing care ¢f the second
processing resource, operations of the at least one machine-leaming model.

3. The system of claim 1, further comprising:

& realdime data input coupled to the first processing resource; and
a processing engine to:

store, with the first processing resource, a real-time datfa stream
received from the real-time dala input in the machine-learning data
structure of the non-volatile memory, and

execute, with the at least one graphics processing core,
operations of the at least one machine-learning model on subsets of the
real-time data stream to generate model resuils for the real-time data
stream.
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4. The system of claim 3, wherein the real-time data slream iz a real-time
video data stream, the subsets of the real-time data stream correspond to time-
shices of the real-time video data stream, and the at least one machine-leaming
model comprises an object recognidion machine-learning model,

& The system of claim 1, wherein the machine-learning data structure
includes at least two machine-leaming models, and the system further
COmMprisas 8 processing engine o)

coordinate, with the first processing resource, execution and switching of
the at least two machine-learning models on the second processing resource,
with the at least one graphics procassing core.

6. The system of claim 1, wherein the machine-learning data structure is to
store a set of machine-learning models, and the system further comprises a
processing engine to;
store, with the first processing resource, a real-time data stream in the
machine-learning dats structure;
determine, with the first processing resource and from the set of
machins-learming models, at least a first machine-leaming madel and a second
machine-learning model to execute based at least in part on a type of data
associated with the real-time data;
for each respective subset of the real-time data and concurrent with
storing the real-time data in the machine learning structure;
coordinate, with the first processing resource, execution of the first
machine-tearning modsl for the respective subset of the real-time data,
axecute, with the at least one graphics processing core of the
second processing resource, operations of the first machine-learing
model on the respective subset of the real-time data to generate
respective first model resuits for the respective subset of the realtime
data,
after execution of the first machins-learning modal, coordinate

switching to execution of the second maching-learning modsl, and
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execute, with the at least one graphics processing core of the
second processing resource, operations of the second machine-learning
model on the respective subset of the realtime data {o generate
respective second model results for the respective subset of the real-time
data.

7. The system of claim 8, wherein the processing enging is further to:

process, with the first processing resaurce, the respective first modsd
resuits and the second model resulls corresponding to each respective subset
of the real-time data.

8, The system of claim 1, wherein the machine-learning data struclure is to
store a machine-learning data index, the first processing resource is o access
the machine-learning data structure based at least in part on the machine-
learning data index, and the second processing resource is to acgess the
machine learning data structure based at least in part on the machine-learing
daty index.

Q. A method comprising:

aocessing, with a first processing resource coupled {o g non-volatile
memory, a8 maching-learning data structure stored in a shared memory space of
the non-volatile memaory;

accessing, with a second processing resource including st least one
graphics processing core coupled 1o the non-volatile memory, the machine-
fearning dats structure; and

executing operations of at least two machine-learning models stored in
the machine-learning data structure on a dataset slored in the machine-learning
data structure with the at lsast one graphics processing core of the second
processing resource.

10.  The method of claim 9, whersin execuling the operations of the af least
two maching-learning models comprises:
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exacuting operations of a first machine-leaming model on the dataset io
generate first model results; and

after executing operations of the first machine-learing model, switching
to executing operations of a second machine-leaming model on the dataset to
generate second model resulis.

1.  The method of claim 10, further comprising:

upclating the first machine-leaming model based at least in part on the
first model results:

updating the second machine-learming model based at least in part on
the second model resulls; and

after updating the first and second machine-learning models, executing
the operations of the first machineearning model and the second machine-
tearning model on the dataset to generate updated first model resuits and
updated second modei results.

12, The method of 8, wherein the dataset s a real-time data stream,
accessing the machine-leaming data structure with the first processing resource
cornprises storing the realdime data streany in the machineleaming data
structure with the first processing resource, and the operations of the at least
two machine-learning models stored on the realtime data siream are executed
with the at least one graphics processing core concurrent with storing the real-
time data stream in the machine-learing data structure with the first processing

Fesource.

13, The method of claim 10, wherein the machine-learning data structurg
stores a set of machine-leaming madels, and the method further comprises:

determining the at least two machine-learing modsis to exscute on the
datasst based at least in part on a data type of the dataset,



WO 2017/218009 PCT/US2016/038128

14, A non-transitory machine readable storage medium comprising
instructions executable by a processing resource of a system to cause the
system to:

access a machine-leaming data structure stored in a shared memory
space of a non-volatile memory of the systeym with a first processing resource of
the system;

determine a set of maching-learing models stored in the machine-
fearning data structurs o exscute for 3 dataset stored in the machine-leaming
data structure with the first processing resource;

access the machine-learing data structure with a second processing
resource of the system that includes atieast one graphics processing core; and

exgcite the gperations of the st of machine-legrning models on the
dataset with the at least one graphics processing core of the second processing
resource to generate model resulls for each machine-learning modei of the set
of machine-learning models.

185, The non-Wransitory machine readable storage medium of claim 14,
wherein the instructions {o execule the operations of the set of machine-leaming
models on the dataset with the gt least one graphics processing care comprises
instructions to cause the system to:

for each data subset of the dataset and affer executing the operations of
a respective machine-learning model of the set, switch {0 execution of the
operations a next respective machine-learming model of the set with the at least

one graphics processing core of the second processing unit,

18.  Thenon-transitory machine-readable storage medium of claim 14,
wherein the dataset is a real-ime data stream, and the machine-readable
storage medium further comprises instructions {o cause the system f{o:

store the real-time data stream in the machine-learning data sfructure of
the non-volatile memory with the first processing resource,

wherein the system is to execute the operations of the set of machine-

learning models on the real-time data stream with the at least one graphics
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processing core of the second processing unit concurrent with the storage of the
realtime data stream in the machine-leaming data structure.
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