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Agenda

= Intel® XPU Features to Accelerate Al
« Xeon
e X¢ GPU

* [ntel® oneAPI® Power Al

* Intel® Optimization for Frameworks
* Intel® Extension for PyTorch*

Intel® Extension for Tensorflow*

Intel® Neural Compressor

Intel® Extension for Scikit-Learn*
XGBoost
oneDAL

Intel Technical Webinar
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Intel® XPU Features to Accelerate Al
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XPU

Diverse accelerators needed to meet today’s performance requirements:
48% of developers target heterogeneous systems
that use more than one kind of processor or core!

Other Accelerators

Developer Challenges: Multiple Architectures, Vendors, and Programming Models

Open, Standards-based, Multiarchitecture Programming

o
-
>
-
-

1. Evans Data Global D_evelci)klmer]t Survey Report 22.1, June 2022
Intel Technical Webinar

intel.
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The 4th Xeon - Sapphire Rapids

Sapphire Rapids

— PCIl Express Gen 5.0, Compute Express Link 1.1, DDR5
=REFITET B (AMX) , JE Al

——
=

= Sapphire Rapids (Intel Xeon Max CPU) REE
—Iix INERET R KEHPCHRE
B2 FF: HBM only, Flat, Cache

S
¥

o

L

NEHBMELS

# e I
REDHT mATIF AEF

.2

S

$2/ v

Intel Technical Webinar
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Low Precision Inference & Quantization

Ly »FP32

min 0 ma
Scale Factor/Method
)
BF16
— . » INTS8
P— -128 0 127
FP16
\—
Sign Exponent Fraction
) 8 bits L 23 bits R
FP32 s|lele|lelelel|lelelelmM[M[M[M|M[M|M|M|M[M[M[M[M[M|M|M|M|[M[M[M[M M
BF16 slelele|elelelelelm[M[M[M|[M|[M]|M
7 bits ]
INT8 s M[M[{M[M|[M[M[M
L N
' 7 bits intel.

Intel Technical Webinar
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Hardware Instruction Accelerate A

Qo
w N -

Matrix

(o)
w

Matrix Data Type

Intel Intrinsics

BF16
INT8

AMX_BF16
AMX_INTS

AVX5IZ2_VNNI=3* AVX5I12
AMX_INT8  =8*AVX512_VNN|

Intel Technical Webinar

al

almb2 almb3

aZ2mb2 almb3
b3

a3mb2 a3mb3 \
a3

b3

Vector

Vector Data Type Intel Intrinsics
FP32 AVX512
BF16 AVX512_BF16
INT8 AVX512 VNNI

intel.
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Accelerate Al in Xeon

Generation Intel®

Xe:n“-"Scalable Code Name AVX512 | AVX512_VNNI | AVX512 BF16 | AMX INT8 | AMX _BF16
rocessors
2nd

Cascade Lake

3rd Cooper Lake @ ©
3rd Ice Lake © ©
4th Sapphire Rapids © © @ © ©
FP32 INT8 BF16 INT8 BF16
Vector

Inetet §anficntabinar intel.



Intel® X& GPU Architecture

Name  Range  |Product

X"-LP integrated/low power Gen12in 11% Core

X" -HPG enthusiast/high performance gaming Arc 380, Arc 750, Arc 770

X"-HP data center/Al Data Center Flex Series
(ATS-M)

X"-HPC high performance computing Data Center Max Series
(PVC)

Intel Technical Webinar |nte|® 10



Compute Unit

X°-LP Execution Units ([ Js) | X°-LP (Dual) Subslices | X*-LP Slice

Vector Engine | Matrix Engine | Xe-Core (XC) Xe-Slice | Xe-Stack
(XVE) (XMX)

Intel Technical Webinar |r\te|® "



Media Supercomputer

Intel® Data Center
PU Flex Series

Sampling Today

Cloud Gaming

3 O Game Streams!

Video Transcode

8 Simultaneous
4K Streams

3 O Simultaneous
1080p Streams

Inference

150 Tors?

Virtual Desktop Infrastructure

6 O Virtualized
Functions

75-150W | Xe-HPG | GDDR6 memory

1720p30 Android Games |2 INT 8

Open-Source Media Solution Stack

Industry’s First GPU with HW AV1Encode

Industry’s Only

Intel Technical Webinar
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\ -Ccore

Compute Building Block of X¢ HPG-based GPUs

Vector
Engine

Vector
Engine

16

Vector Engines

Vector
Engine

atrix Engines

256 bit 1024 bit

per engine per engine




Intel® oneAP| Power Al
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oneAPI Industry Initiative

Break the Chains of Proprietary Lock-in

Freedom to Make Your Best Choice
» One programming model for multiple architectures and vendors

» Cross-architecture code reuse for freedom from vendor lock-in

Realize all the Hardware Value
= Performance across CPU, GPUs, FPGASs, and other accelerators

» Expose and exploit cutting-edge features of the latest hardware

Develop & Deploy Software with Peace of Mind
» Open industry standards provide a safe, clear path to the future

» Compatible with existing languages and programming models
including C, C++ with SYCL, Python, OpenMP, Fortran, and MP|

» Powerful libraries for acceleration of domain-specific functions
The productive, smart path to freedom for accelerated

computing from the economic and technical burdens of
oneAPI proprietary programming models

frsels.

Intel Technical Webinar

Application Workloads Need Diverse Hardware

Middleware & Frameworks

F TensorFlow PyTorch e N#NumPy  X.. ©penVIN®

oneAPI Industry Specification

oneAPI

Direct Programming API-Based Programming

Threading Parallel STL Ray Tracing

Analytics/ Volumetric
Video Signal Image Image
Processing Processing Processing Denoise

Low-Level Hardware Interface (oneAPI Level Zero)

Accelerators

intel.
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Intel® oneAPI Toolkits

oneAPI

Intel® one API
Base Toolkit

A core set of high-performance libraries and tools for
building C++, SYCL, C/OpenMP, and Python applications

= For HPC For Edge & loT Ll For visual creators,
Add-on omlpx ToouKT developers developers Onlpl il scientists, and
. . engineers
Domain-specific
®
Toolkits Int_el oneAPI Tools for HPC Intel® oneAPI ToolsforloT Intel” oneAPI Rendering Toolkit
Deliver fas'F Fo.rtran, OpenMP Build efficient, reliable solutions Create performant, high-fidelity
& MPl applications that scale that run at network’s edge visualization applications
intel For Al developers and data scientists @ enVI N @“ For deep learning
Toolkits Intel® Al Analytics Toolkit P inference developers
Al Accelerate machine learning & data ® ™ .
powered by s AL science pipelines end-to-end with Intel OpenVINO too'!(lt o
oneAPI optimized DL & ML frameworks & high- Deploy high performance inference & applications from
performing Python libraries edge to cloud

Download at intel.comoneAPI

Or visit Intel®” Developer Cloud

Intel Technical Webinar |nte|® 16


https://www.intel.com/content/www/us/en/developer/tools/oneapi/overview.html#gs.iicfss
https://www.intel.com/content/www/us/en/developer/tools/devcloud/services.html

‘ﬂte .® A‘ AﬂalythS Intel” Al Analytics Toolkit
TO O ; klt DEEP LEARNING MACHINE LEARNING

Accelerates end-to-end Machine Learning and Data Intel® Optimization
Analytics pipelines with frameworks and libraries optimized for TensorFlow
for Intel® architectures

Intel-optimized Scikit-learn

TRl i aioTor Intel-optimized XGBoost

PyTorch

Wh O U S€s It? for | n'rg?@d:rlci?toectu re DATA ANAI'YTIBS

Data scientists, Al Researchers, Machine and Deep Learning Intel® Distribution of Modin

developers, Al application developers el el Carraresser

Heavy.Al Backend

CORE PYTHON

Intel-optimized

Intel Technical Webinar |nte|® 17


https://software.intel.com/en-us/oneapi/ai-kit

Deep Learning Training & Inference Performance *

Uses Intel® Optimization for PyTorch with 34 Gen Intel® Xeon® Scalable Processors

Training # Cores per # Instances BF16 FP32 Speedup
instance (samples/s) (samples/s) Ratio
DLRM 28 1 99321 71061 1.40
ResNet-50 28 4 399 243 1.64
ResNeXt-101 28 4 193 120 1.60
32x4d
Table 1.BF16 training performance gains over baseline (FP32 with Intel oneDNN)
Inference # Cores per # Instances INT8 FP32 Speedup
instance (samples/s) (samples/s) Ratio
DLRM 1 28 611082 214559 2.85

Table 2. INT8 inference performance gains over baseline (FP32 with Intel oneDNN)

*Measured March 2021

eliv\f))é[ém%tiaop about performance and benchmark results, visit www.intel.com/benchmarks.
i io

onfiguration details.

intel.
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http://www.intel.com/benchmarks

IN'T8 Quantized Inference Performance *

Uses Intel® Optimization for TensorFlow & Intel® Neural Compressor

35 2.0%
0,
9 3 2.88 1.6%
Y 1.2% o
= 2.5 2.25 0.8% %
< 0.5% <
So ° 0.4% K2
"E" ; 0.0% a
T & 15 04% T
A g o
55 1 -0.8% §
20 0% <
w05 .
5 -1.6%
= 0 -2.0%
Q
P\’-
B\
N
)
t@

® Perf Scale (INT8 / FP32) @ Accuracy Diff (FP32 - INT8)

*Measured March 2021

F i tion about performance and benchmark results, visit www.intel.com/benchmarks. i 19
BT SRAE WA, intel.

onfiguration details.


http://www.intel.com/benchmarks

Intel® Optimization for Frameworks

Intel Technical Webinar |nte| 20



oneAPI| Deep Neural Network Library (oneDNN)

= Supports FP32, FP16, Bfloat16, and int8.

= Leverages Intel® DL Boost, AVX512 instructions and
processor capabilities

» Fused operations for optimized performance

Compilers: Intel® oneAPI DPC++ / C++ Compilers
OS: Linux, Windows, macOS

CPU: Intel Atom, Intel® Core™, Intel® Xeon®, Intel® Xeon®
Scalable processors

GPU: Intel® Processor Graphics Gen9, Intel® Processor
Graphics Gen 12, Intel® Data Center GPU Flex Series

Intel Technical Webinar

Category

Functions

Compute intensive
operations

Memory
bandwidth limited
operations

Data manipulation

(De-)Convolution

Inner Product

RNN (Vanilla, LSTM, GRU)
GEMM

Pooling

Batch Normalization

Local Response Normalization
Layer Normalization
Elementwise

Binary elementwise

Softmax

Sum

Concat

Shuffle

Reorder

intel.

21



Intel Optimization for PyTorch

. Hugging PyTorch -
FRAMEWORKS O PyTorch Intel® Extension for PyTorch*

LIBRARIES

Intel Technical Webinar |nte|® 22



Major Optimization Methodologies

Operator Optimization

Intel Technical Webinar |nte|® 23



Overview

= Extends PyTorch with optimizations . Custom Modules, (|l Graph-mode
Eager-mode Optimizers, Quantization
for extra performance boost on Intel
oneDNN Graph Custom Graph
hard ware. Fusion Passes Fusion Passes

oneDNN Graph Custom JIT
» Optimized operators and kernels are b v

registered through PyTorch
dispatching mechanism. v
p g o R

= Loaded dynamically in Python script. | Vectorize el o oneDNN

Parallel

= Open sourced on Github. ATen Ops

X
c
3
=
=
]
m
>
—+
1)
3
o
o
3

» Dynamically linked in CPP

OpenMP Thread Runtime
executables.

https://intel.github.io/intel-extension-for-pytorch/index.html

https://github.com/intel/intel-extension-for-pytorch

Intel Technical Webinar |nte|® 24


https://intel.github.io/intel-extension-for-pytorch/index.html
https://github.com/intel/intel-extension-for-pytorch

Intel® Extension for TensorFlow*

Provide Intel XPU implementation to benefit Intel GPU and CPU users with the best performance and user experience.

Provide Full Functionality (100% op converge) / General Optimization (OOB) for Intel GPU based on DPC++ software

stack.

TensorFlow* packages

|
v v v
E
v

\

Intel® Extension for TensorFlow*
packages

Intel_extension_for_tensorflow

_‘

o

J

N

Intel® Extension for TensorFlow* pip packages and dependencies

Intel Technical Webinar

25
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Architecture

Stock TF

Intel® Extension
for TensorFlow
(TEX)

Intel Technical Webinar

Initialize
Device

¥

Device

Intel CPU, GPU

AMP: Auto Mixed Precision

JU S

i Remapper

Other Stock /
Optimization OP1

OneDNN
Graph Graph
Optimization .
Config ' ITEX

Execution

-

{ OP2 ,

Remapper®

Advanced
AMP*

intel.
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Intel® Optimizations for TensorkFlow*

1. Operator optimizations: Replace default (Eigen) kernels by highly-
optimized kernels (using Intel® oneDNN)

2. Graph optimizations: Fusion, batch normalization

3. System optimizations: Threading model

Intel Technical Webinar |nte|® 27



oneDNN Integration
with TensorFlow

» Replaces compute-intensive standard TF
ops with highly optimized custom oneDNN
ops

» Aggressive op fusions to improve
performance of Convolutions and Matrix
Multiplications

* Primitive caching to reduce overhead of
calling oneDNN

Intel Technical Webinar

F

s

Aggressive Fusions of BERT ops
(MatMul + BiasAdd + GELU) into
oneDNN op

FusedMatMul
+
GELU

intel.
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How to use IPEX - Infer

CPU

FP32 import intel_extension_for_pytorch as ipex
model = ipex.optimize(model)

GPU

import intel_extension_for_pytorch as ipex
model = model.to("xpu")

data = data.to("xpu")

model = ipex.optimize(model)

BF]é import intel_extension_for_pytorch as ipex
model, optimizer = ipex.optimize(model,
optimizer=optimizer, dtype=torch.bfloatls)

for batch_idx, (data, target) in enumerate(train_loader):

optimizer.zero_grad()
with torch.cpu.amp.autocast():
output = model(data)

FP16

intet Technical Wekinar

model = model.to("xpu")
data = data.to("xpu")
model = ipex.optimize(model, dtype=torch.bfloatls)

with torch.no_grad():
with torch.xpu.amp.autocast(enabled=True, dtype=torch.bfloatl6):
model(data)

model = model.to("xpu")
data = data.to("xpu")
model = ipex.optimize(model, dtype=torch.floatlsé)

with torch.no_grad():

with torch.xpu.amp.autocast(enabled=True, dtype=torch.floatl6):

model(data)

29



How to use IPEX - Train
CcPU GPU

import intel_extension_for_pytorch as ipex

model = model.to("xpu")

criterion = criterion.to("xpu")

model, optimizer = ipex.optimize(model, optimizer=optimizer)

FP32 import intel_extension_for_pytorch as ipex
model = ipex.optimize(model)

for batch_idx, (data, target) in enumerate(train_loader):
data = data.to("xpu")
target = target.to("xpu")

BF16 import intel_extension_for_pytorch as ipex import intel_extension_for_pytorch as ipex
model = ipex.optimize(model, dtype=torch.bfloatlé) model = model.to("xpu™)
criterion = criterion.to("xpu")
with torch.no_grad(): model, optimizer = ipex.optimize(model, optimizer=optimizer, dtype=torch.bfloatls)

with torch.cpu.amp.autocast():
model(data) for batch_idx, (data, target) in enumerate(train_loader):

optimizer.zero_grad()

data = data.to("xpu")

target = target.to("xpu")

with torch.xpu.amp.autocast(enabled=True, dtype=torch.bfloatlé):
output = model(data)
loss = criterion(output, target)

intet Technical Wekinar



How touse [ TEX

| TEX Explicit
l: . - T T T T T
FP32 : import intel_extension_for_tensorflow as itex

| backend = "GPU" #CPU, GPU or AUTO
| itex.set_backend(backend)

BF16 Python API Environment Variable

import intel_extension_for_tensorflow as itex

auto_mixed_precision_options = itex.AutoMixedPrecosionOptions()
auto_mixed_precision_options.data_type = itex.BFLOAT16
) ' ' export ITEX_AUTO_MIXED_PRECISION=1
graph_options = itex.GraphOptions()
] ' o ' _ o _ export ITEX_AUTO_MIXED_PRECISION_DATA_TYPE="BFLOAT16"
graph_options.auto_mixed_precision_options=auto_mixed_precision_options

graph_options.auto_mixed_precision = itex.ON

config = itex.ConfigProto(graph_options=graph_options)

itex.set_backend("gpu", config)

intet Technical Wekinar |nte|®



ow to Check Running on CPU or GPU

Run command: DNNL_VERBOSE=1 python itex sample.py

onednn_verbose,info,oneDNN v2.5.0 (commit e008c47c7f2e839ff64c206a21c82059a227717c)
onednn_verbose,info,cpu,runtime:DPC++

onednn_verbose,info,cpu,isa:Intel 64

onednn_verbose, info, gpu, runtime:DPC++

onednn_verbose, info,cpu,engine,0,backend:0penCL,name:Genuine Intel(R) CPU $0000%@,driver _version:2021.13.11
onednn_verbose,info,gpu,engine,®,backend:Level Zero,name:Intel(R) Graphics [0x020a],driver version:1.1.20495
onednn_verbose,info,gpu,engine,1l,backend:Level Zero,name:Intel(R) Graphics [0x020a],driver version:1.1.20495
onednn_verbose,info,prim_template:operation,engine,primitive,implementation,prop_kind,memory descriptors,attribu
tes,auxiliary,problem_desc,exec_time

onednn_verbose,info,gpu,binary_kernels:enabled

onednn_verbose,exec,gpu:18446744073709551615, reorder,ocl:ref:any,undef,src_f32::blocked:cdba:f0

dst _f32:p:blocked:Acdbl6a:f0,,,3x3x2x2,1.42993

onednn_verbose,exec,gpu:18446744073709551615, convolution,ocl:gen9:blocked,forward_training,src_f32::blocked:acdb
:f0 wel f32:p:blocked:Acdbl6a:f0 bia_undef::undef::f0 dst f32::blocked:acdb:f0@,attr-scratchpad:user
s,alg:convolution_direct,mbl_ic3oc3_ih50h5kh2sh1dh@ph@_iw5ow5kw2swldwOpwd,0.352051
onednn_verbose,exec,gpu:18446744073709551615,eltwise,ocl:ref:any,forward_training,data_f32::blocked:abcd:f0

diff undef::undef::f0@,attr-scratchpad:user ,alg:eltwise relu alpha:0 beta:0,1x5x5x3,0.297852

intel Technical Wekinar |nte|® 32



Installation

Common pip install --upgrade tensorflow
CPU pip install --upgrade intel-extension-for-tensorflow[cpul]
GPU pip install --upgrade intel-extension-for-tensorflow[gpul]

CPU pip install torch torchvision torchaudio --extra-index-url https://download.pytorch.org/whl/cpu
pip install intel_extension_for_pytorch

GPU pipinstall torch==2.0.1a0 torchvision==0.15.2a0 intel_extension_for_pytorch==2.0.110+xpu -f
https://developer.intel.com/ipex-whl-stable-xpu-idp

Intel Technical Webinar |nte|® 33



Deep Learning Inference Optimization

Quantization

@ @ @ @ @ @ Knowledge Distillation

= ®
e e © o 0 06

““Q'
Mix Precision Graphic Optimization ’ ‘ ‘

e @@@ @0
@ @ @ @ Graphic Optimization

Conv2D
Pruning

’ ‘ ’ ‘ ’ ’ BatchNorm =% Bat(I;heII\Iuorm
0 0 ) )

Intel Technical Webin intel. 34
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Intel® Neural Compressor

Quantization

Mix Precision

: Low Precision Model
Pruning

Original Model

Distillation Optimized Model

ML-Driven Auto-Tuning

Intel® Neural Compressor (https://github.com/intel/neural-compressor) is designed to
use automatic accuracy-aware tuning strategies to help user easily & quickly find out
the best optimization methods above.

Intel Technical Webinar |nte| 35
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https://github.com/intel/neural-compressor

Workflow

» High efficiency for quantization with automatic accuracy-driven tuning strategy.
» Less time to achieve the quantization goals comparing with handcraft work.
* Tuning strategy: basic, Bayesian, random, Sigopt.
* Flexible workflow.
« Dataset & metric & evaluation function not only support built-in but also customized one.

User input

FP32 Framework Model Dataset Evaluation metric

Intel® Neural Compressor
Quantization component Working flow ~ Calibrate
Next quant config l
Tunin
s g —) Tune
trategies space

|

Not meet accuracy goal

Meet accuracy goal

Quantized Model

Intel Technical Webinar |nte| 36



A MEBEIRTH, BRI
eon 30X Fifiemime

Q) 4
1 ore Intel 4™ Gendrtel” Xgon”
DNN Neural V4

Compressor
13.06 ZAORSYA 81.66 394

Baseline 1.5x 3.9x 4. 8%

(FP32) (FP32) (int8) (int8)
Official TensorFlow on 3rd Gen TensorFlow with Model quantization with Intel® AMX optimization
Intel® Xeon® Scalable Processor oneDNN enabled Intel” Neural compressor on Sapphire Rapids

1|~' TensorFlow

| |
oneAPI

Scalable Processor

3 Gen Intel® Xeon™ Scalable Processors 4th Gen Xeon

SSD-ResNet-34 Inference Throughput (Batch Size =1)
Results may vary. See www.intel.com/InnovationEventClaims for workloads and configurations. For workloads and configurations visit www.intel.com/InnovationEventClaims. Results may vary.
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Performance

(Higheris Better)
L))

o
-}
©
()
()
o
n
()
O
C
@
£
| -
O
y—
-
(O]
o

Model Accuracy & Performance

Intel Technical Webinar

INATA)
-0.50% 0.00% 1.00%

. Relative Percent Ratio
Accuracy Loss (Loweris Better)

OOB Random Models
(w/ VNNI example)

2.2x geomean and up to 4x performance

intel.
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Status

Intel Technical Webinar

Open source: https://github.com/intel/neural-
compressor

2.3 is released.
Automatically Tuning to reduce the accuracy loss.

Support frameworks: Tensorflow, Pytorch, MXNet,
ONNX RT

420+ public models are verified with good
performance improvement and limited accuracy
loss; 10000+ random models including Stable
Diffusion, large language models

Adaption: Huggingface/Optimum, ONNX model
Z00, PyTorch ecosystem.

Customer: Microsoft, Alibaba, Tencent, ByteDance,
etc.

Publication (19+ ): https://github.com/intel/neural-

compressor/blob/master/docs/source/publication
list.nd

intel.
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https://github.com/intel/neural-compressor
https://github.com/intel-innersource/frameworks.ai.lpot.intel-lpot/blob/master/docs/publication_list.md

Quantization with Accuracy Aware Tuning

from neural compressor.quantization import fit
from neural compressor.config import PostTrainingQuantConfig, TuningCriterion, AccuracyCriterion

eval dataloader = .
eval func = .

tuning criterion = TuningCriterion(max trials=600)
accuracy criterion = AccuracyCriterion(
higher is better=True,
criterion="relative’,
tolerable loss=8.01

)

conf = PostTrainingQuantConfig(

backend="1ipex",

approach="static",

tuning criterion=tuning_criterion,

accuracy criterion = accuracy criterion)
q_model = fit(model, conf=conf, calib dataloader=eval dataloader, eval func=eval func)
q_model.save(“path/to/save™)

Intel Technical Webinar
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Intel®oneAPI Data Analytics Library (oneDAL)

Framework Interfaces & Software Stack

dmic
an 5100" ‘ML  XGBoost

interop integrated planned integrated*

¢ Python Binding Java Binding

C- oneDAL Interface (part of oneAPI spec)

Algorithms (batch, streaming and distributed)
Data

Management

DPC++ Runtime

Level O

API designed to be hardware and vendor independent
Relies on Data Parallel C++ (DPC++) and C++17

Intel Technical Webinar
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Intel® oneAPI Data Analytics Library(oneDAL) Algorithms

Machine Learning Linear
Regression
Ridge
Regression _ f
\ Regression S——
SVR, NuSVR LASSO / : 4
Decision Tree Elastic Net »  AdaBoost (BRI Clustering
Supervised
learning Brown/Logit EM for GMM
Decision Forest _
Boosting
Gradient Boosting Naive Bayes Alternating
_ Least
Classification Logistic Collaborative Squares
: filtering
Regression
Apriori
kNN
C] Algorithms supporting Intel GPU (Gen 9 & Gen12) & dGPU Q )
D Algorithms supporting batch processing
[j Algorithms supporting batch and distributed processing ‘ NuSVC

Intel Technical Webinar |r\te|® 42



Intel® Extension for Scikit-learn

4 N\
Common Scikit-learn Scikit-learn with Intel CPU opts
) o P> Same Code,
from sklearnex import patch_sklearn Same BehaVIOI’
patch_sklearn()
from sklearn.svm import SVC from sklearn.svm import SVC m
X, Y = get_dataset() X, Y = get_dataset() « Scikit-learn, not scikit-learn-like
* Scikit-learn conformance
clf = SVC().fit(X, y) clf = svC().fit(X, y) (mathematical equivalence)
res = clf.predict(X) res = clf.predict(X) defined lbySC|k|t—learn
L ) L ) Consortium,
. - o . continuously vetted by public Cl
Scikit-learn mainline Intel® extension for sklearn
\_ J
* Directly from the script: e Through global patching to enable patching for your scikit-learn installation for all further runs:
from sklearnex import patch_sklearn python sklearnex.glob patch sklearn

patch_sklearn()

Intel Technical Webinar |nte|® 43



Intel® Extension for scikit-learn (Inference)

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

1000.00

100.00

85.89
62.68
46.42
25.58 27.05
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Intel® Extension for scikit-learn (Training)

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

1000.00

251.81

#? 5 m &
&k ol T g A " L e R AR
I ﬁ ﬁ : :?} s :~—"‘"‘ F TS TS e .sa“* & &S
& & & e e BT &F F g s
< SRR T P T & EEE N I S i
*thﬁ' Ry s [ 2 & & LA [ R e
o SR e & e o A &
M W g
ur P P A

Intel Technical Webinar

100.00 78.43
41.30
30.79
23.09 26.95
15.67 14.52 16.3115.66 13.82
12,597
11.08 10.21 9.74
1000
339 SEE
133 245
180 15a
1.00
b o o

intel.

45



ML Performance

with Intel-optimized

XGBoost *

* Intel’s contribution to

XGBoost project on GitHub
https://github.com/dmlc/xgboost

* Memory prefetching, nestled and
advanced parallelism, usage of uint8

+ Reducing memory consumption

memory, Kb Airline Higgsim

Before 28311860 1907812
#5334 16218404 1155156
reduced: 1.75 1.65

*Measured March 2021

XGBoost CPU vs. GPU

XGBoost fit v1.1 CPU vs GPU speed-up, (higher is better for Intel)4 6

3.54
1.35 103 115 I

higgs1m airline-ohe msrank letters abalone
M Intel Xeon 8124M vs Nvidia V100

XGBoost fit CPU acceleration (“hist” method)

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

Speedup vs. 0.81

15.5
5.4 5.7
3.7 31 3.8 3.4
1.8 2.1
1 T o4 1 11 12 1 1 10 14
mB - mm B - mm B

higgsTm Letters

Airline-ohe MSRank-30K Mortgage

mXGB0.81(CPU) mXGBO0.9(CPU) mXGB1.0(CPU) mXGB master 1.1 (CPU)

For more complete information about performance and benchmark results, visit www.intel.com/benchmarks.

skatelckas b icHndehisdetails.
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http://www.intel.com/benchmarks
https://github.com/dmlc/xgboost

oneAPI| Data Analytics Library (oneDAL)

Scikit-Learn* APl Compatible

Use directly for
 Scaling to multiple nodes
» Streaming data

* Non-homogeneous
dataframes

 Gradient Boosting (for e.g)

Intel Technical Webinar |r\te|®



XGBOOSt and nghtGBM PredICtIOn Daal-ﬂp".’(_-mwers;ingDP;:;iréﬂance on Gradient
Acceleration with Daal4Py

Higher is better

1 XGBoost 1.2

Speedup

» Custom-trained XGBoost* and LightGBM* Models
utilize Gradient Boosting Tree (GBT) from Daal4Py NGB Hdeakdpy
library for performance on CPUs

= No accuracy loss; 23x performance boost by simple
model conversion into daaldpy GBT:

# Train common XGBoost model as usual
xgb_model = xgb.train(params, X_train)

Gradient Boosting Accuracy

import daal4py as d4p

# XGBoost model to DAAL model . Higher is better
daal_model = d4p.get_gbt_model from_xgboost(xgb_model) '

# make fast prediction with DAAL
daal_prediction = d4p.gbt_classification_prediction(....compute(X_test, daal_model)

Accuracy

» Advantages of daaldpy GBT model:

* More efficient model representation in memory diicton et No accuracy

|
* AVX-512instruction set usage lost

 Better L1/L2 caches locality

Intel Technical Webinar For more complete information about performance and benchmark re;ults, visit www.intel.com/benchmarks. "‘\tel3 48
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http://www.intel.com/benchmarks

Distributed K-Means using daal4dpy

import daal4py as d4p

d4p.daalinit(Q)

data = "kmeans_dense_{}.csv".format(d4p.my_procid())

init = d4p.kmeans_1ni1t(10, method="plusPlusDense", distributed=True)
centroids = init.compute(data).centroids
result = d4p.kmeans(10, distributed=True).compute(data, centroids)

mpirun -n 4 python ./kmeans.py
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oneDAL K-Means Fit, Cores Scaling

(10M samples, 10 features, 100 clusters, 100 iterations, float32)

100
2500.0 23595
90
2000.0 80
70
1500.0 60
1139.1 50
1000.0 40

581.9 30

500.0 306.3 20

452 10
0.0 - [ — — o

1 2 4 8 16 28 56

Number of cores
mmTime,s ——Efficiency (actual),% —Efficiency (ideal), %

Execution time, sec
Parallel efficiency, %

Performance varies by use, configuration, and other factors. Learn more at www.intel.com/Performancelndex.

Performance results are based on testing as of dates shown in configurations and may not reflect all publicly available updates. See configuration disclosure for details. No product or component can be absolutely secure.

Your costs and results may vary. Intel technologies may require enabled hardware, software, or service activation.

Software and workloads used in performance tests may have been optimized for performance only on Intel microprocessors. Performance tests, such as SYSmark and MobileMark, are measured using specific computer systems, components, software,
operations and functions. Any change to any of those factors may cause the results to vary. You should consult other information and performance tests to assist you in fully evaluating your contemplated purchases, including the performance of that
product when combined with other products. For more complete information visit www.intel.com/benchmarks.

Configuration: Testing by Intel as of 10/23/2020. Intel® oneAPI Data Analytics Library 2021.7 (oneDAL); Intel® Xeon® Platinum 8280LCPU @ 2.70GHz, 2 sockets, 28 cores per socket, T0M samples, 10 features, 100 clusters, 100 iterations, float32.
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MoO

N

DSL Query Language (Ibis)

Add Ibis/SQL

Stabilize internal

Dataframe Algebra API
Pyarrow Kernels (WIP) Pandas Kernels

APls

OmniSci Dataframe

Integrate with
Omnisci

Decouple execution

Multipro
cessing

and storage
OmniSci RT

Nvidia

CPU GPU

Intel GPU

» Usable and Scalable e
memory
{ Pandas } Taver
DataFrame -
.cpuJ(cru)(cry) (cry) {
ldlecores
memory

Intel Technical Webinar

Modin
DataFrame

e

‘cpPu | cpu | cpu || cru|

Full utilization

To use Modin, replace the pandas import

To install the Intel Distribution of Maodin, alter the command to include conda forge dependencies:
conda create -n aikit-modin intel-aikit-modin -¢ intel -¢ conda-forge

# import pandas as pd
import modin.pandas as pd

intel.
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-nd-to-End Data
Pipeline Acceleration®

= Workload: Train a model using 50 years of Census
dataset from IPUMS.org to predict education based on
income

= Solution: Intel Modin for data ingestion and ETL,
Daal4Py and Intel scikit-learn for model training and
prediction

* Performance Gains
* Read CSV (Read from disk and store as a dataframe): 6x
* ETL operations: 38x
* Train Test Split: 4x

* ML training (fit & predict) with Ridge Regression: 21x

*Measured March 2021

Fﬂji e?r-‘aéeﬁ‘- Il i er ) tg)rn about performance and benchmark results, visit www.intel.com/benchmarks.
See backup for configur

ation details.

End-to-End Time Breakdown : Census Education
to Income

End-to-End Census:

Speedup with optimized libraries

Higher is better

21

intel.
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Al Development Workflow

Data
Data Ingestion &

Analytics Pre-
processing

lassical ML
Training &
Prediction

Machine
Learning

Optimize
Primitives
for DL
FWKs

Determine

Train DL
Use Case

Model on
Intel CPU/

Re-train a

Learning model on

Pre-trained
Intel-
optimized

Public models trained with any FWK - TF, Caffe, ONNX, MXNet, etc.

Data Scientists, Al
Researchers, ML/DL

Use Al Kit
(Modin, Heavy.Al,
Pandas, Numpy,

Developers

Use Al Kit

learr(1$+%alatll4py, While there are a few distribution options to directly

XGBoost) download Intel-optimized FWKs, machine learning
libraries and tools individually. Our recommendation
is to get them via the Intel® Al Analytics Toolkit for
seamless interoperability and good out-of-box
experience.

wv

Use Al Kit

(Intel-optimized

TensorFlow,
Pytorch)

Use Al Kit
(Intel-optimized
TensorFlow,
Pytorch)

Run DL

Use Al Kit Inference
(Intel-optimized on trained
TensorFlow, model
Pytorch)

Trained
Model

Use Al Kit
(Model Zoo for

Use Al Kit

|
1
Convert to |
|

Intel® Low Precision Ne‘l‘r:féfggt‘i‘r’;fzssgr *
architecture) &run TensorFlow, Pytorch) Deplo
inference ptoy
DL Models

on Intel®
platforms

Al Kit = Intel® Al Analytics Toolkit

Intel Technical Webinar

Base Kit = Intel® oneAPI Base Toolkit |nte|®
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Notices and Disclaimers

» Performance varies by use, configuration and other factors.
Learn more at www.Intel.com/Performancelndex.

» Performance results are based on testing as of dates shown in configurations and may not reflect all
publicly available updates. See backup for configuration details. No product or component can be
absolutely secure.

* Intel does not control or audit third-party data. You should consult other sources to evaluate accuracy.
* Your costs and results may vary.
* Intel technologies may require enabled hardware, software or service activation.

* © Intel Corporation. Intel, the Intel logo, and other Intel marks are trademarks of Intel Corporation or its
subsidiaries. Other names and brands may be claimed as the property of others.
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