PCOSREI—H < ayTin Kk2023 Ny 45 5F—4%4 LHPCJ

Big Data Analytics on A
~E I F— 2 BTISET 54 LT IILOBRY A & EH D THEN~

A4 TS
Al — AT -THO®L VX
Al =AY )a—,3 ARNUYIJRX B

KAWL &

intel.



IERFERKIUVRERKIA

» HEEIX FRR B, ZOMOERICE>TEBEDET, SFMICDULVTIE, http://www.Intel.com/Performancelndex/ (3£3E) #2B L TLIEE L, EEEDAIELS R
VAT LBEICEEHESNEHNRBROTARNCE DLW TWET  F BELARPOINTOEHR 7O S LANERHSINTLDREIZRDER A BREOFEMIC DU
Tl&, http://www.Intel.com/InnovationEventClaims/ (3&3:8) Z2 B L TSIV TR EF 12U —ZRHU TS IHB/OPOAVR—R TV MEHDFEB A,

» IRTOEMBETESIOO-RIVI X, FEELKEEINDICENHDFET, HRREFTIHOV AT LDV R—R Y FCRESNEZERIZ AT UT7L V-
TS5k TA—L FILWI AT LOERSG Y FILEFTIV) AV FTIVEROR . 7—F 7 0Fv— I Zal—ay EFUVITO#E | V=2 b—yﬂyﬁ%ﬁ%%ﬁ
S BRIEHOHFZEHNELTVWET VAT A IVR—RY . {1#%. *%Jﬁl;iif?é%fﬁd)’%{il:é:’a?\ BRIIEGBRGBENHDET . AT ILOTH./0Y —%(F
HI3ICIE MINLE/N—FRDx7 VIO 7 FrIFH—EXOBIMEDMVBELZBIGEDNHDET,

= KERIZ BERSNTLBIHEDICTHD\DET, i?’c%"—f/ﬁ%[&é&&k‘)?&l:@\b\b‘:‘)f\ L‘?’J‘U%ﬁﬂE’\JE\ZE*‘E@?’I"EVZ:E)EfFEﬁ?'éECD_GIBtZF?Di‘U'/UO FMHERI—
REIE, —REIFICRREFRIFHFSNTULGVLWE RS/ 0V - Y—EXZBNTBREHDICT VT IVICE > TERINTLDRDBDTI  LWINEEAIORFT
(7L, BEE L TOREEZRIIRELIZDDOTIEIHDEE A,

= 5 )LIE, Principled Technologies h'#3&9 % BenchmarkXPRT IR IZ 2 =F1—% 6  SEXIFGAYFIY—IHIEEIK [ ENDA R —LThHE
B X RN R— FORBICE ST AYFI—IDBRICERMLTLET,

s fESRGETECRICDOVWTERLTVWBRATLEYT—yavERKNOEIE, %iﬂmu29b$ﬁﬁg,§%1¥54§%®,§.ﬁb‘ém rf@\ﬁé’ﬂéJ\ rﬁ.i&iﬂéj\\
'ERT3, [BRETS), TETS) [EX5ND), TKeDD,), THETS,), M T D), TAEMENSHS), T FETHS) THFTS,. METTHD) MRETDI/RED
RIBDOZOZH S IOFELIRIRIE, L‘?ﬂ’&)ﬁﬂ%@ﬁ.ﬁb'@{b%gﬁt%ﬁ LTWLET, ?EE\\ YR, PRl AEEGER  FIFREICDODLVTERLTLS, EFrelEcn
BICEDLWTLWBitihD, SEBUU—ASINDEG®TO/0Y - CHOLRRER®TI/ OV —(ICHEFSNDIFIATEEHEX Uy A miB#ES 1 VT ILOFESLO
B EMIBICRIATEND LV RICEAT R ESOH FKRKOBBLTHDAICEEZRLTLWET REMRICKBIBEDFAICEDILBHDOTHD, ?7%510)\') AP EEER
EHESHROBBLTI , CNODERICEOT, EROERIZTNOSOFRIREIRICHRBEIZERH ICﬁ?éﬂf&?ﬁ%%c‘:%b<£@5ﬂﬁ§'|‘$73‘373'0$3} ERDE
B VT ILOFAERSLERSBRIEEGERICIEZ, 1T ILORERM T IR U1+ (https://www.intc.com/) iEIJEE%HY§|§§% (SECQ) oz 7Y1~
(https://www.sec.gov/) TAF A BELR Form 10-K &0 Form 10-Q [CBIT 31V FILORIMOME SZ2 =, 17 )LH SEC ITIRH / BiRL IS S I H S
NTWET AV TILIE GEETHRDNEEN IONTL\DIEEERE FHLVWER FARRE. ZOMOBERICHHI\DET  ATLEYFT—YavERICE#EINEL
g3 D, BFIIEXRE—IEHGVWCEZRRMICKRBLET,

» AVFIE PRI —F1—DFT—FIC DLW TEBPEEZTOCLERA. FHDIBEHRHSEICLTT —INIEEESZTT ML TS,

= ©2023 Intel Corporation. Intel, 1 >/F )L, Intel O3, ZOMED1 T ILOBZFPOTE, Intel Corporation EEIFZDFZHADEIETY . ZOMOMLE  RABE
ElF, —mRICEHORR, BIEXRLIFEFREIETT,

£ VT LS intel.


https://nam10.safelinks.protection.outlook.com/?url=https%3A%2F%2Fwww.intel.com%2FPerformanceIndex.&data=04%7C01%7CAngie.Sperrazza%40opusagency.com%7C3d7f9ce43f814df221e808d95bb8dbe7%7C08d94c1d2f44409b92a0b665624cee5d%7C0%7C0%7C637641673513288212%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=uIpWyerdui6GQvyeRjmGBeHMIxN%2F6wYfUH6vHzKSSRw%3D&reserved=0
https://nam10.safelinks.protection.outlook.com/?url=http%3A%2F%2Fwww.intel.com%2FArchDay21claims&data=04%7C01%7CAngie.Sperrazza%40opusagency.com%7C3d7f9ce43f814df221e808d95bb8dbe7%7C08d94c1d2f44409b92a0b665624cee5d%7C0%7C0%7C637641673513288212%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=7Sx%2FiNDIpOH7Fm8DTulL91AplMoRxC5TYqkSrHrfvwM%3D&reserved=0
https://nam10.safelinks.protection.outlook.com/?url=https%3A%2F%2Fwww.intc.com%2F&data=04%7C01%7CAngie.Sperrazza%40opusagency.com%7C3d7f9ce43f814df221e808d95bb8dbe7%7C08d94c1d2f44409b92a0b665624cee5d%7C0%7C0%7C637641673513298204%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=WXpcdeqhEytHdflbyKq74aXxXqCfKQBsYajCv5jQJPg%3D&reserved=0
https://nam10.safelinks.protection.outlook.com/?url=https%3A%2F%2Fwww.sec.gov.%2F&data=04%7C01%7CAngie.Sperrazza%40opusagency.com%7C3d7f9ce43f814df221e808d95bb8dbe7%7C08d94c1d2f44409b92a0b665624cee5d%7C0%7C0%7C637641673513298204%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=mo1T1oCY3uVgP8swJ85%2FUwFuQesqnguL7gnCzQtd%2BLc%3D&reserved=0

4TINS

intel. =



1 T ILEIT -
~ATIVHERADE v I T7—32 LEHPCIRIE~

T—YRE HPCIRIR

653PB 330,237

(2022 FEKRFR) (2022 FEKRFR)

Emz~L—vEmn=: 39% gmavra—sovoEsEnz. 31%

AVFI)LIT 2021-2022 FREEREE

£ VT Lk intel. =«



1y FIL@In
~E YT F— 8 DBEADE R~

AN—brT77O0RU—A—FrX=23Y

Single Factory
Factory Environment

Factory Sensors
Machine Direct Sensor

I Machine-Augmented Sensor I Machine-Learning Dashboard and
Training and Inference Exploration Diagnostic Ul
Factory On-Premises Cloud

Environmental Sensor

« Intel® Xeon® processor E5 family per node — —

0.5 GB daily, par chamber + Physical hosts: 10 units -— —
_— —
Intel® NUC — —
{intel* Core™ processor, Intel® 550) Sensor data \
¥ 4 ——
Data Alignment and Aggregation
180 GB daily, Alert tool cwner
per factory .
Factory Systems
Manufacturing Execution Systems I Context data N
{Metrology, PM counter, yield)
I Cantrol Systems I R

Automatic tool
Ccomrection option
Development Environment

Madel Development Deploy model

*1 https://www.intel.com/content/www/us/en/it-management/intel-it-best-practices/increase-product-yield-and-quality-with-machine-learning-paper.html
*2 https://www.intel.co.jp/content/www/jp/ja/it-management/intel-it-best-practices/intel-it-annual-performance-report-2021-2022-paper.html
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O learn MODIN
XGBoost  NjZiNumPy

APACHE
d CatBoost ¢3 python’ SpQrK

mBest practices for implementing Apache Hadoop at Intel
https://indico.cern.ch/event/282578/contributions/644028/attachments/520402/717933/Best-practices-for-implementing-apache-hadoop-paper.pdf

mSpeed it up and Spark it up at Intel
https://www.slideshare.net/Hadoop_Summit/speed-it-up-and-spark-it-up-at-intel
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3. Hadoop M & 15

« U/ —FDORFEITHT
51-6. 2007F(ZGoogleh’
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WA DEALET S LML
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Azni RYB&50mor || ] Master Node | Z 213
s e . . v v v !
Single Node Single Node | | Slave Node #1| |Slave Node #2| [Slave Node #3| |
CPU CPU . || CPU CPU CPU ||
— : 1 1 I |
H B N B = =— !
' || Data (1/3) Data (2/3) Data (3/3) | 1
0 1 — 4 !
Data Big Data N e
h\p— , LE Y 75 48
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5. Spark M & 15
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6. Spark D E 1L

« HadoopM X L—7J/ — K TI&. | | » Apache Sparkld. Hadoopa— ||« AV Ea—rBERFL—UE
T—ANEET 3 TEWNSEAL H—ZELOHTUW-E#H T/ A L. KUU S RxRA
TETL. BROP 3 T&HH T4 vEBRIET H1=0HIC T4 TEEEANEELLSED
BhETHRLTSA2ELTHE|| 2014FIZHELE LT  SparkCluster zemszzonoooooooo g
MIGUBERATL T, *RROT YT T— RO, E Slave 7] Slav+e#2 Siave #3 i

'%W%EE&@?’E%&@/V(?O? %’)37@&73’&‘/Z7‘.L\)‘:E i | cpU |||| cpPU ||| CPU | E
A %ETY 556, &Yad JICREIT S ETY, | s || [omeal || [Smws) |
DHEAZEIDT DT RIVIZE Hadoop® /L4 9 £B1 ——

— . S - BT EH=H. pET—2 (&
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1TV 7 RINV R |
JEUDOZATORAFTY
>3 (VT AMX)

= TensorFlow

= PyTorch

= ONNX Runtime

OpenVINO
oneDNN (Intel oneAPI)

LTI F—5-Z b

U—=20-70t5L—

S— (47FIL°DSA)

» Storage Perf Dev Kit
(SPDK)*

» Data Plane Dev Kit (DPDK)*

o

VRAN [al[F1 T )L° 7 I
INVAR RO OR
>33y

(17 IL° AVX)

= FlexRAN

= Data Plane dev Kit (DPDK)*

o

ATV DAVIT7I R
~Fo/0d— @vFILe
QAT)

= QATzip* (Intel lib)

= OpenSSL**

= Boring SSL

FEEM 72 EIR

g

mfl

17 A XEY—-"
PFIUTADATo0ES
L—5— (1>5)L° 1AA)

= |ntel Query Processing
Library

£

ATFI L=V -
O— /XSSP —
(>~7JL° DLB)

= VPP |Psec

» Data Plane Dev Kit (DPDK)*

*Intel open-source library (not part of stock SW).
**Difference between Intel version and stock version.

***Intel® QPL and *Intel® DML in open-source beta, v1.0.0 coming shortly.



https://intel.github.io/qpl/documentation/introduction_docs/introduction.html
https://intel.github.io/DML/documentation/introduction_docs/introduction.html
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QATzip in Hadoop / Spark
https://github.com/intel-hadoop/IntelQATCodec  _ _ _ _ _ .

QATzip I& QAT Codec&#td L. 4 T JL° QuickAssist
G

Technology Z{#HA L = Apache Hadoop/Apache ,
Hive/Apache Spark D E#E - fES 4 TS5 TT, It Soark’ | | lmEEp

I
I
I
I
i
| oS
% 0) *Ij lﬁ 'j: : admmp Input/Output lI Input/Output l]
I
I
I
I
I
I
I

: Intermediate Data Intermediate Dat
Input/Output ¢T Intermediatedata ¢T

. OI’C Sequence File Sequence File
] i 11

QAT Codec (Hadoop& Spark Codec Impl for QAT)

e FYBWEMETIYBFILVNT+—T 2R (Snappylxt
L)
o Map-ReduceP7—Y A— FDIFE : 7.29%ND HEEM]
. 7.5%DEHEER L
o SparkV—Fr7J—o0O—F: 143%MDHEEMR L.

7.5%MDE fﬁ{rﬁ $ |-§-_| F e 4 R T P e b e~ — ':.'
o Hive on MR : 12.98%M ke L. 13.65%0EMm=  NPG team : |
|'E_| F QATzip (User Space API)
« =T , f

Hadoop. Hive. Parquet) TENT=HHR— kZ#i2H 1
o A—Trv—RTAYY b

\ 4

Intel® QuickAssist Hardware

|

: |
| |
| I
' |
o FEHEYYT—R2aVKR—2R2k (Spark. : Intel® QuickAssist Linux Kernel Driver |
|

: |
| |
| I
|
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import pandas as pd

0.9M/N\— 3 U TlE. ModinldPandas APIZ100%H%HR— kL TULVET,
ZDMDPython*T 2L X7 L EDFEE (NumPy, XGBoost, Scikit-
Learn*’g EZ@ER Y FEHTEE)
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NYCTaxi 7—% O— K14 gE

Pandas vs Modin — Higheris Better

20
18
16
14

Q 12

Speedu

o N B~ O 00

NYCTaxi (20 Million rows)

Performance improvement with Modin+Omnisci

[
Reading

L
Q1

H Pandas

e
Q2

Modin+Omnisci

Dataset source: https://github.com/toddwschneider/nyc-taxi-data

Configurations: For 20 million rows: Dual socket Intel(R) Xeon(R) Platinum 8280L CPUs (S2600WFT platform), 28 cores per socket, hyperthreading enabled, turbo mode enabled, NUMA nodes per socket=2, BIOS:
SE5C620.86B.02.01.0013.121520200651, kernel: 5.4.0-65-generic, microcode: 0x4003003, OS: Ubuntu 20.04.1 LTS, CPU governor: performance, transparent huge pages: enabled, System DDR Mem Config: slots / cap /
speed: 12 slots / 32GB / 2933MHz, total memory per node: 384 GB DDR RAM, boot drive: INTEL SSDSC2BB800G7. For 1 billion rows: Dual socket Intel Xeon Platinum 8260M CPU, 24 cores per socket, 2.40GHz base

frequency, DRAIYLmemory: 384 GB 12x32GB DDR4 Samsung @ 2666 MT/s 1.2V, Optane memory: 3TB 12x256GB Intel Optane @ 2666MT/s, kernel: 4.15.0-91-generic, OS: Ubuntu 20.04.4 u t I
Egﬁgitimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/Performancelndex.See Appendix for configurations. In e ®

KestiTs

Q3

Q4

NYCTaxi (1Billionrows =1.6 TBin mem)

Performance improvement with Modin+Omnisci — using 3TB Optane
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Reading Q1 Q2 Q3 Q4

H Pandas Modin+Omnisci
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https://github.com/toddwschneider/nyc-taxi-data

Intel® Extension for Scikit-learn

https://github.com/intel/scikit-learn-intelex

Speedups of Intel® Extension for Scikit-learn over the original Scikit-learn
(training)

1000.0
99.7 82.5 95.8 774
1000 49.8
. 385 314 37.8 32.6
: 6 449 27.5 27.5
9.6 9.2
10,0
a1 49 4.55 5.7
2.8
2.63 22
I l 16 14
1.0 n
%l e o e i -
L & ¢ § ® o P > 8 R b & e &
. o

Speedups of Intel® Extension for Scikit-learn over the original Scikit-learn
(inference)

10000.0 4859.3

3499.3 3807.5
10000 695.5
340.4 118
176.7 123.4 208.4
1000 723 53.2 BL1
18.8
10.6
10.0 5.9 53 5.8 6.2
47 sa
[ =1l lil
10 - [ |
< n G G G G G 5 e = e
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= » ¥ g + PR & gf" ‘:f" P ~ o q & + il

$ \}‘@ :,;z!‘ . K :Ld“ f{a& s ‘bd*‘ S rgz“ RS & Qr.?* Q‘y G ‘cdr @:
A T S AU PR & ¢ & & o«
& S & & F 3 & 8 & 3 g & &
o @@9 o= 3 N N rS Y 4 & & & & R & Ao

& & F & &M e F & & & g o W

A & & L 8 -
g & &S 7 s

U9/ — KElT

Same Code,
Same Behavior

Scikit-learn, not scikit-
learn-/ike

Scikit-learn conformance
(mathematical
equivalence)
defined by Scikit-learn
Consortium, continuously
vetted by public CI

Technical details: float type: float64; HW: c5.24xlarge AWS EC2 Instance using an Intel Xeon Platinum 8275CL with 2 sockets and 24 cores per socket; SW: scikit-learn version 0.24.2, scikit-learn-

intelex version 2021.2.3, Python 3.8, benchmark code

4TINS

intel. =


https://github.com/IntelPython/scikit-learn_bench

XGBoost / CatBoost

Speedup vs. 0.81

optimizations-for-cpu-in-xgboost-1-1-81144ea21115

4 TR EH

XGBoost

XGBoost - acceleration against baseline (v0.81) on Intel CPU

16.6
7.4
5.4 5.7
Fi 3.8
’ <9 21
1 18 1 1:14. 1 11 15 - .
[ |
higgsim Letters Airline-ohe MSRank-30K

XGBoost 0.81 (CPU) ¥GBoost 0.9 (CPU)  mXGBoost 1.0(CPU)  mXGBoost 1.1 (CPU)

https://medium.com/intel-analytics-software/new-

450
4.00
3.50

Speedup
[

888883

L
0.
0

CatBoost

CatBoost Training Acceleration
(v0.25 vs. v0.24.3)

4.15x
3.91x
1.80x
151x 152
I 1.12x
Higgslm Airlinelm Epsiion
m Depthwise SymmetricTres

https://medium.com/intel-analytics-

software/optimizing-catboost-performance-

© 2021 Intel Corporation. ERTOS| A, GHEZELFT,

4f73f0593071

intel.
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EOoRITFREZOUS—F-OVE2—FT4V T - B—EX(RCS) A Zv ME, KEDOHARTRE.
ROMEREEORNZE ZLTCEBNZISHRL—Ya vz BLT 7 RNV A KUY —
FAVE2A—FT14 VT (ARC)T1 VT TP —ERZRMLTLET, COhEsk |, Compute
CanadaARCT—At/A—ND1D2& RETYV®PZDMOITIRD—o0O0—R%ZKRR
Bl EICER%ZELEOpenStacky 5 R THDArbutusI 5 RERARLTLE
9, Arbutusld  REROARE IS IIHPCO—oOO—REFHEBL AV S1VEREE/IAL
MEE EvIF—4 HEEFERE RROHPCOSRYEFBRLGDMEEANEL T DTS
O3z Y R— b BEHICEEETSNE LT, ArbutuslZ, Lenovo SR630, SR670,
SD530./—RTIEEIN F21K1>7F7)L° Xeon® Scalable 7OtzvH—&1>VF)L°
Optane™KiEXED 17 ILSSDOERESNTLNET.

Industry Organization Size Country Partners Learn more

Higher Education 1,001-5,000 Canada Lenovo bbb

https://www.intel.la/content/dam/www/central-libraries/us/en/documents/2022-12/university-victoria-article-1-summary.pdf

intel.
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https://www.intel.com/content/www/us/en/customer-spotlight/stories/university-victoria-customer-story.html

Gluten

https://github.com/oap-project/gluten

» Gluten7 AP Y FOELZBMIESparkSQLERA T4 TZ4 T Z 1) (Velox,
Clickhouse#i &) #"# "' C

s TNICZKYSpark SQLDR T —ILT DRI Lb—LT—0 ¢, ERATATZ4TS
) DE4REZFIAT S5 EHAEEE

’ Seiia -g; ovS oﬁh(z @ oY Gluten + Velox backend vs. vanilla Spark 3.1.1 for 22 decision
Java yop Koalas support queries
DataFrame 9.00 435
8.00
Catalyst Query Plan Optimization 7.00
X 600
Tungsten Physical Plan Execution 2 500
E 4.00 3,65 3.63
JVM SQL Engine Gluten Plugin ,_%:L 3.00 07 283 163 254 249 244 283 231 333 g7
2.00 o 19 sk gy 5 g5 1.55
I 1| | Plan Memory Columnar ’
= B ) 5 8 5 B RURRRRRRRRRRANNNY
Opsrators : 0.00

ge gld 19 gl g4 gl5 gl2 g8 ql3 920 g5 gl8 g9 922 g2 gl7 qll q7 q3 gl0 g21 gle6
Query#

| Whole
m [

Native Library
@y .
‘Q’ Ve I OX 0:::' | | ClickHouse

A VT ILEE St https://medium.com/intel-analytics-software/accelerate-spark-sql-queries-with-gluten-9000b65d1b4e ir\tel® 27




Intel Big Data Analytic Toolkit (BDTK)

https://github.com/intel/BDTK

Big Data Analytic Toolkit

g Uise Carolt Sianskloms Arselemien Litery ____________ Use Case 2: Direct Use
Values Props: (1) reusable building blocks (2) better performance (3) Better Productivity 9 i Gn2lyLShEmeOlks i
3|
Personas Dataengineers Data Scientist Spark/Presto users e
_f 1 * 1 T g Bridge layer SDK
1
f —— A e s - | (= 1]
Python SDK b
(proposed Analytic Frameworks (Spark/Presto/...) : Protocal
futura) | | Arrow | | Substrait | | User Define Format |
Y Unified AP
Bridges Velox Plugin Gluten i - Module APTs T
g g %éibiw; d)\ | (Subﬁ(ra\(basei\;{;}mp\\e/execu(\on | (B e
i o
\ < ‘
‘g 1 Compilerlayer ‘
. [0
SQL Engine LLVM JITLib SQL Compiler - £ ‘ TPLCompier e
i (from HeayyDB, CPU only, a.k.a. Cider) (using external | runtime)
‘ Legend
! s Yo - UseCasediAl -I Not started ‘
SQL Data Reusable Analytic Primitives (aka. sub-op) 2= IngBIS: - | External Runtimes | HW
. |
Analytic Primitives UDF/UDAF Sca\arnggregaf(lon/W\nd e Spillable Hash Intel Codec - ! | Ten Ws o(r\mx)( 9. || HDK | BOTK layers
ow Function o Table L\brarnyATCodec | P—— | | — | I:I | | ——— || | :
Xtemna

-/

CPU QAT IAA

» BDTKIE, T—42 27 '7 VemBILTHCEERAMELET 725 L—
D5, 7 2') = {EH T & T, Prestodb/Sparkd)J: 278V FI Y FOSOL
MRIBICHESNFTT

« BDTKIE. FTDXeon/\—FO 77725 L—% (AVX512, IAA, QAT) %iEH
» BDTK [X. Velox & Velox-Plugin #4t L T. PrestoEnd-to-End 7925 L—L 3> - Y1) a—2 3 %RHE

A
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OAP-MLlIib

https://github.com/oap-project/oap-mllib
HiBench KMeans

<Workload Comparison / Goal> - AppliC&tiOﬂ

* KMeans is a clustering algorithm which calls BLAS
routines

25

20 197 = Customer Impact

17%
167 / * 17% performance gain on Intel Xeon 8454H when
compared to Intel Xeon 8358 with Optimized MLIib

* /3% performance gain on Intel Xeon 8454H with
10 0-95 Intel Optimized MLlib when compared to AMD
/573X with AMD-BLIS

05 » Performance Drivers

73%
15
1.29

Speed-up (higher is better)

* Intel optimized MLLib relays all levels of BLAS calls

00 to oneAPI
OpenBLAS AMD-BLIS OpenBLAS oneDAL OpenBLAS oneDAL

*  OAP-mllib calls cneDAL Kmeans implementation

B AMD Milan 7573X  ®Intel® Xeon® Platinum 8358 Intel® Xeon® Platinum 8454H » Netlib-java relays only L1/L2 BLAS calls to native library

£ VT LS intel. 2



BigDL

Seamlessly scale end-to-end, distributed Big Data Al applications

Domain -
Specific Chronos Friesian

Privacy Preserving : : .
Toolkits Machine Learning Time Series Recommendation System

End-to-End Orca DLlIib Nano
Distributed E2E Distributed Al Pipeline Distributed Deep Integration and

- .- (TensorFlow/PyTorch/ Learning Library for Abstraction of |A-specific
Al Pipelines OpenVINO /Ray) Apache Spark Accelerations

BigDL 2.0 (https://github.com/intel-analytics/BigDL/) combines the original BigDL and Analytics Zoo projects

*“BigDL 2.0: Seamless Scaling of Al Pipelines from Laptops to Distributed Cluster”, 2022 Conference on Computer Vision and Pattern Recognition (CVPR 2022)
*“BigDL: A Distributed Deep Learning Framework for Big Data”, in Proceedings of ACM Symposium on Cloud Computing 2079 (SOCC'19)

£ VT LS intel. =


https://github.com/intel-analytics/BigDL/

Apache Sparkq] [+

L —— A\ R A\ H O (O P
Orca: T FY—T 2 EDHEEAIINA T4 VDFEE
#1. Distributed data processing using Spark Dataframe l

raw df = spark.read.format ("csv").load(data source path) \

.select ("Cardholder Last Name", "Cardholder First Initial", \

Spark
"Amount", "Vendor", "Year-Month") \ Tensorflow — PyData 0
Dataset, (pandas, oo
Ray PyTorch sklearn, op@ncv,)

DatalLoader numpy, ...)

o ML/DL Model
model = tf.keras.models.Model (inputs=input, outputs=output)
model.compille (optimizer="rmsprop',

\l

#2. Building model using TensorFlow
import tensorflow as tf

loss="'sparse categorical crossentropy',
metrics=["'accuracy’])

#3. Distributed training on Orca

from zoo.orca.learn.tf.estimator import Estimator

est = Estimator.from keras (model, model dir=args.log dir)

est.fit(data=trainingDF, batch size=batch size, epochs=max epoch,
feature cols=['features’], label cols=['labels’'], ...)

Distributed Training (& Inference)

https://github.com/Mastercard/udap-analytic-zoo-examples

£ VT LS intel. =


https://github.com/Mastercard/udap-analytic-zoo-examples

HERED

P intel. =2



=5 - SK Telecom#k ~BigDLZ# A L TE2EALIE ] % 52 fE~

Takes

Traditional, Segregated Infrastructure

. ) 4 ™\ long time e ~
@,; eIastEsearch i Spor K %
1 I,. ‘ | ) PyTorch =

A\ - v \_ / I - / Distributed
Deep Learning Cluster File System

Data Lake / Big Data Cluster
Warehouse Intermediate Files

Unified Architecture (using BigDL)

Driver Node

e N
4 Worker Node ) fWorker\ Worker
. Nod Nod
@5 v 0@ |t | [

—
SPQriZ SPQH'(\Z 0‘%’ XGBoost o
W, Distributed

File System

Data Lake / \
Warehouse
K8s, YARN, Ray, Standalone, Cloud

Unified Big Data Al Cluster / Job
intel.
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BT —F%T 9 F v DLLE - HROLIEDMERE

e 7,722912 La— K =80,447 celltowers X8 H X 12 L a— K 48 =0 18/%5)
c 1La—FrHEYBEDRY FT—0 REEE

B (Pandas + TF) ¥1 (Spark + Analytics Zoo)
7 — 43 Export 2.3s 45 x|faster N/A
TR 71.965 L 2.565 | 3 ,_ . 143
TA—T 53— 1.06s (CPU) / 0.63s (GPU) 0.68s Yﬂ 0.18s
% CPU : Intel(R) Xeon(R) Gold 6240 CPU @ 2.60GHz / \
2 GPU : Nvidia-K80

- F—HEEEIFS0/\—F1/aVICHER
- BIALIE & SR AIR [ F B —DSparky 3 7 ICTEST
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Yahoo! 3w E Y

Yahoo!>/avE VI OEGEL IX Y F—Ia /I RAF T —

=15 : Yahoo! JAPAN#R
JIZHE T 5 mERE

A
- HE

— Rl va

Hx U&!
TFTFIOFv—

=

Seeditem | Recitem

Score

Rank

1 1212

0.9212

Offline | rlbe
v Seed item Rec item Similarity | Rank
For each SimilaritySearch | 1 1010 09421 |1 Ranking
category: Item Features *| Item Embeddings . > . LightGBM, DNN

Online  yser Features

— Recommender

User Session

>

Service

PEFXIZGPUZFIA

4

TopK._

v

1 45

0.7400

200

Next-item Prediction
P

Business Logic
ifilter

) A

Retrieve Similar Items

Item-to-item ranks

7

Recommendations

https://www.intel.com/content/www/us/en/developer/articles/technical/offline-item-search-with-bigdl-at-yahoo-japan.html
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545 - Yahoo! JAPAN#xk

Yahoo!aw EVHIZHEITABERBEEEREDREFEIE

1> FILICEKBFaissDSparkTd iy

BmY—F(RTRILY—F)TERSND
FaissZzSpark L Tl DL DICm=E

/ YARN
pmmmmmmmmmmmmmmbemm oo §§a_r5r‘1 results

| Spark Executor Iiulﬂ]'i

i [ Intel® Optimized Faiss

_______________________________

i [ Intel® Optimized Faiss

| Spark Executor Searchiresults
1 1

HDFS

Item Partition1

Item Partition2

| — Faiss Index

K Intel® Xeon

=

/

Total time cost (min)

Lower is better

i o

NVIDIA V100ZzRHWBIZ&ICLENT
B AN C3.5EDERER LZ3EIR

Offline Item Search Performance Comparison at
Yahoo! JAPAN Shopping

120 - -
faiss-gpu with pyarrow

100

os]
(=]

Intel® optimized faiss-cpu with BigDL and Spark

D
o

B
o

)
o

o

Single-node 4 Nvidia V100 20 executors * 2 cores on Xeon 20 executors * 4 cores on Xeon

Search 200 similar items for each of the 6 million items with 128 dimensional vectors

*Total time includes both faiss computation and HDFS 1/O time.

https://www.intel.com/content/www/us/en/developer/articles/technical/offline-item-search-with-bigdl-at-yahoo-japan.html









