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Open Source Big Data Al Projects at Intel

« _—yHl Distributed deep learning
Blgm] ~ framework for Apache Spark

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

ANALYTICS Big Data Al Platform

(distributed TF, PyTorch, BigDL, Ray
ZO and OpenVINO on Apache Spark) | e

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

DataFrame

ML Pipeline

SQL |SparkR]Streaming]Graph « D u
MLLib T O Big I}

> ©

Analytics Zoo

CVPR 2021 Tutorial

intel. -



Unified Architecture for E2E Al Pipelines

Traditional, Segregated Infrastructure
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Distributed Deep Learning as Spark Jobs

DL App on Driver

v

Spark AnalyticsZoo

Program

Library jobs
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» Standard Spark jobs

(or BigDL) T Standard Spark jobs

Worker

Spark |TF / PyTorch m
el Task | /BigDLlib

Worker

Worker
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Worker

~_ Spark Spark TF / PyTorch
Task | /BigDL lib

Worker

Worker

* Run distributed DL on existing, general-purpose Big Data clusters (Spark, Hadoop, K8s, Hosted, ...)

« Seamless integration with Big Data ecosystem (Spark Dataframes & MLLib, Kafka, etc.)

* [terative, data-parallel, synchronous SGD
* Each jobs runs a training iteration, each task runs the same model on a subset of the batch

o Efficient AllReduce built on

top of existing Spark primitives

*“BigDL: A Distributed Deep Learning Framework for Big Data”, ACM SoCC 2019, https.//arxiv.org/abs/1804.05839
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Analytics Zoo Stack for Big Data Al

Chronos Scalable AutoML for Time Series Prediction

Privacy Preserving Big Data Analytics & ML on SGX

RayOnSpark Run Ray programs directly on Spark Cluster

Seamless scale out TF, PyTorch, BigDL & OpenVINO on Spark

Distributed deep learning library for Spark

Powered by oneAPI

CVPR 2021 Tutorial intel.
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BigDL: Distributed DL Framework for Spark
Keras-like APl and Spark ML Pipeline Support (Python and Scala APIs)

#Keras-like API for BigDL

model = Sequential ().add(InputlLayer (inputShape = Shape (10)) \
.add (Dense (12)) .add (Activation ("softmax"))

model .compile (..)

#Spark Dataframe preprocessing
trainingDF = spark.read.parquet ("train data")
validationDF = spark.read.parquet ("val data")

#Spark ML Pipeline for BigDL
scaler = MinMaxScaler (inputCol="1in", outputCol="value")

estimator = NNEstimator (model, CrossEntropyCriterion()) \
.setBatchSize (size) .setOptimMethod (Adam() ) .setMaxEpoch (epoch)
pipeline = Pipeline() .setStages ([scaler, estimator])

pipelineModel = pipeline.fit (trainingDF)
predictions = pipelineModel.transform(validationDF)

Analytics Zoo API in bl i
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Orca: Distributed TF/PyTorch/BigDL on Spark
Write TensorFlow/PyTorch inline with Spark Program

#PySpark DataFrame
train df = sqglcontext.read.parquet(..) .withColumn (..)

#TensorFlow Model
from tensorflow 1mport keras

model = keras.Model (inputs=[user, 1tem], outputs=outputs)

model.compille (optimizer= "adam",
loss= "sparse categorical crossentropy",
metrics=['accuracy’])

#Distributed training on Spark

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

est = Estimator.from keras (keras model=model)

est.fit (train df, feature cols=['user',K 'item’], label cols=['label’])

Analytics Zoo API in bl i
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RayOnSpark: Run Ray Programs Directly on Spark

from zoo.orca import init orca context
sc = init orca context(cluster mode="yarn", c .oy
init ray on spark=True)

import ray
@ray.remote
class Counter (object) :
def init (self):
self.n = 0

def inc(self) :
self.n += 1
return self.n

counters = [Counter.remote() for 1 in range (5)]
print (ray.get([c.inc.remote () for ¢ 1in counters]))

Analytics Zoo APl in blue .
CVPR 2021 Tutorial
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PPML: Privacy Preserving Big Data Analytics & ML on SGX

Trusted Big Data Al on Untrusted
Applications Cloud FSI HLS
EH IEEH KN Il

Analytics Zoo

= Compute / memory protected by
SR E2E Big Data Al Pipeline sak€ I () - Bl (© X6Boost .. SGX enclaves

Big Data Al : = Network protected by TLS and
Platform Secure Data Secure Gradient & Secure ‘emote attestation
Access Parameter Sync Alignment
= Storage (e.g., data and model)

LibOS Secure Libraries protected by encryption
(Graphene, (HE, DP, MPC, e
Occlum) Crypto, )

Security Trusted Execution

LEEtEele R Fhvironment (SGX) User request / response protected

by TLS and encryption
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Chronos; Scalable AutoML for Time Series Prediction

sc = init orca context(...,
init ray on spark=True)

auto est = AutoProphet(...) rolling, scaling, feature Fach trial runs a

generation, etc. Search space different combination of
hyper parameters

#auto est = AutoXGBRegressor (..) |
data = get data()

FeatureTransforme

trial jobs
search space = { with tunablelparameters SearchEngine _—
"changepoint prior scale": ..., b;Ummd
"seasonality prior scale": ..., Model Jparameters| - W |-trlal L
— - with tunable parameters :

. . R
} XGBoost, Prophet, TCN, Plpelme

Seqzseq, etc. configured with best
. t del
auto est.fit (data=data, parameters/mode RayOnSpark

search space=search space,

—
best model = auto est.get best model ()

Analytics Zoo APl in bl i
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Burger King's Offer Recommendation System: DeepFlame

- BERT - ResNET50 - IXT* - K-Means

kit e - K-Means

$12.99 Family Bundle - $12.99 Family Bundle

= Z " Clustering based

Cheeseburgers, 3 Small Frenc... 7 Cheeseburgers, 3 Small Frenc...

--- — on customer’s
=) | $8.99 Whopper Meal for 2 ) $8.99 Whopper Meal for 2

Al T i
Y 2Flame Grilled Whopper y . y I Ls’Flume Grilled Whopper = b e h av | O r d a t a

Sandwiches, 2 Small French... andwiches, 2 Small French...

L ——— : such as average

$5 Croissan'wich Meal for $5 Croissan'wich Meal for
Two Two

spend, primary
service channel,
average ticket
GPM, and visit
TNt SRS frequency, etc.
B0 1193 s boutverd .

2 Croissan'wich Sandwiches, 2 2 Croissan'wich Sandwiches, 2
Small Hash Browns, 2 Small... Small Hash Browns, 2 Small...

$5 Whopper Meal $5 Whopper Meal

1Whopper Sandwich, 1Small ~ 1Whopper Sandwich, 1 Small
French Fries, 1 Small Soft Drink French Fries, 1 Small Soft Drink

*https://arxiv.org/abs/2010.06197
https://github.com/intel-analytics/analytics-zoo/blob/master/pyzoo/zoo/models/recommendation/txt.py

Source: “Offer Recommendation System with Apache Spark at Burger King”, Luyang Wang and Kai Huang, Data+Al Summit 2021
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DeepFlame Overview — Model Training

A hybrid approach that allows SME to easily maintain and modify offer rules based on segmentations
while still allowing DL models to automatically pick the best offers according to preset offer rules.
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i
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Source: “Offer Recommendation System with Apache Spark at Burger King”, Luyang Wang and Kai Huang, Data+Al Summit 2021
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Offer Recommendation System In Production

= Only a single cluster is needed for storing data Offline Training (Yarn Cluster
’ @ (aja)
performing data analytics and distributed ANALYTICS

training. Z@O N
Maintain training code

ResNET50
= POJO-style API for real-time inference with .S'pC)l'{(\'z SERT

low latency. SQL, MLLib TXT

Online Serving (Kubernetes Cluster)

‘ play Model R'egistry

kubernetes ]

ANALYT'CS ) Load/update model files

ocker
Client Recommendation Collect new clickstream data

Im‘erencel\/lodel

Request

»

A

Source: “Offer Recommendation System with Apache Spark at Burger King”, Luyang Wang and Kai Huang, Data+Al Summit 2021
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Case Study: Image Feature Extraction at JD.com

1
Image Feature 1
Extraction: .
0]
Applications: Similar Image Search Image Deduplication
®»
‘\ Search Result ‘ y

o il & 43 F ..
i W

Source: “Bringing deep learning into big data analytics using BigDL", Xianyan Jia and Zhenhua Wang, Strata Data Conference Singapore 2017
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3.83x Speedup of E2E Inference Pipeline at JD.com

3.83x speedup for end-to-end inference running BigDL on Xeon (vs. Nvidia GPU severs)*

Preprocess
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e P P Sy Cumaber Lo XCCnwns ()
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| w in PR T
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ToBatch N o L o L o haed

SSD Model

{
2
Devew s 7300

Boxes &
scores

Preprocess

Resize

EE-EGE

DeepBit Model

*https://software.intel.com/en-us/articles/building-large-scale-image-feature-extraction-with-bigdl-at-jdcom
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For more complete information about performance and benchmark results, visit www.intel.com/benchmarks.
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Case Study: Time Series Based Network Quality
Prediction in SK Telecom

s

10y

n?l 07 90 moz Ingest Prepare
11007 21005

”0 011‘3??9001

CPU CPU+GPU Cluster
(|_+GPU) - Spoﬁ'(\z Export Preprocessing Al inference
egacy
U || & > sV sk o K
\ _/ ensor !
r \ CPU Cluster
_ 46/ | m8( o , | CPUCluster
@ 5G k| store éredls Preprocessing Al inference
g : / ANALYTICS
CPU g Wﬁ Z@D Teq;E.
only o | L. [ Unified Pipeline |«
(New) I v 3X reduction in inference time
SK ‘telecom v 30-50% increase in training throughput
['GHTN'NG DB v Scalable design

https://networkbuilders.intel.com/solutionslibrary/sk-telecom-intel-build-ai-pipeline-to-improve-network-quality
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Seconds
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20

Up-to 3x End-to-End Speedup at SK Telecom

3x speedup for E2E inference running

30~50% speedup for training throughput running

Analytics Zoo on Xeon* Analytics Zoo on Xeon*
Inference Pipeline Elapse Time Training Throughput
Lower Is Better Higher Is Better
800

___—— 0.63

T
S

bt 600
w
.
@
o
o

7196 2 400
o}
v}
@
o
N
[s]

[0} 200
o
/ 0.63 c
g
0.18 =]

961 0.68 / 2 .
—23 — 23 ——— 2.56 —— 143 || v
. o . . - 8,197 16,384 32,768 65,536
Python Preprocessing (Pandas) Python Distributed Analytics Zoo on one Analytics Zoo on three Intel®
& Inference on GPU Preprocessing (DASK) Intel® Xeon® Gold 6240 CPU- Xeon® Gold 6240 CPU- Batch Size
& Inference on GPU based server based servers
. H GPU solution M Analytics Zoo on one Intel® Xeon® Gold 6240 CPU-based server M Analytics Zoo on three Intel® Xeon® Gold 6240 CPU-based servers
B DataLoad M Preprocessing Inference

*https://networkbuilders.intel.com/solutionslibrary/sk-telecom-intel-build-ai-pipeline-to-improve-network-guality

For more complete information about performance and benchmark results, visit www.intel.com/benchmarks.
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Orca: Distributed TF/PyTorch/BigDL on Spark

Write TensorFlow/PyTorch inline with Spark program

PyTorch Quickstart

= Seamless scaling-out of standard Py Torch Dataloader and model on distributed clusters

https://analytics-zoo.readthedocs.io/en/latest/doc/Orca/QuickStart/orca-pytorch-quickstart.html
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https://analytics-zoo.readthedocs.io/en/latest/doc/Orca/QuickStart/orca-pytorch-quickstart.html

Orca: Distributed TF/PyTorch/BigDL on Spark

Write TensorFlow/PyTorch inline with Spark program

TensorFlow 1.15 Quickstart
= Seamless scaling-out of standard TensorFlow Dataset and compute graph on distributed clusters

https://analytics-zoo.readthedocs.io/en/latest/doc/Orca/QuickStart/orca-tf-quickstart.html
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Orca: Distributed TF/PyTorch/BigDL on Spark

Write TensorFlow/PyTorch inline with Spark program

Keras Quickstart
= Seamless scaling-out of standard TensorFlow Dataset and Keras model on distributed clusters

https://analytics-zoo.readthedocs.io/en/latest/doc/Orca/QuickStart/orca-keras-quickstart.html
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Orca: Distributed TF/PyTorch/BigDL on Spark

Write TensorFlow/PyTorch inline with Spark program

Distributed Pandas with XShards for Deep Learning

= XShards: Seamless scaling-out of existing Python codes in a distributed and data-parallel fashion

https://analytics-zoo.readthedocs.io/en/latest/doc/UseCase/xshards-pandas.html
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End-to-End Big Data Al Pipelines on Orca

Seamless Scaling-Out of
End-to-End Al Pipeline

FEATURE

| ENGINEERING |

Computer Massive amount of Distributed (image) Distributed training Distributed inference
Vision small (image) files on preprocessing and
Pipelines distributed file system transformations
intel. ~
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Organizing Massive Amount of Image Files for

DIStrIbUted ClUSter Header
] Column 1 (ids)
» Conventional approach FT———
. . . Bawa olumn IMmages
* Directory of many small image files Apache |@Group D[ 2 abels)
oo : : P
* Inefficient for distributed storage system fiifnuaett
= Orca library (Grovp 2
Footer

 Storing small image files as large file(s) in Apache Parquet format
* Directly read as TensorFlow Dataset or PyTorch Dataload in a distributed fashion

from orca.data 1mport image

#Support common image formats (image directory, ImageNet, VOC, COCO, etc.)

image.write parquet (format, path, ..)
#Support TensorFlow Dataset, PyTorch DataLoader, etc.

data = image.read parquet (format, path, ..)

CVPR 2021 Tutorial intel.



Distributed YOLO V3 Training

#Init Orca Context
from zoo.orca import 1nit orca context, stop orca context
init orca_ context (cluster mode="“k38s", ...)

#Prepare Data
from orca.data 1mport image
image.write parquet (“voc”, input path, ..)

#Process Data
def train data creator(config, batch size):

tralin dataset = 1mage.read parquet ("tf dataset", voc train path,
train dataset = train dataset.shuffle (buffer size=512)

train dataset = train dataset.map(..)

traln dataset = train dataset.batch (batch size)

return train dataset

)

CVPR 2021 Tutorial
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Distributed YOLO V3 Training

#Define TensorFlow model
from tensorflow import keras

def model creator (config):
model = YoloV3 (DEFAULT IMAGE SIZE, training=True, classes=80)

optimizer = keras.optimizers.Adam(lr=le-3)
loss = [YoloLoss (anchors[mask], classes=options.class num)
for mask in anchor masks]
model.compile (optimizer=optimizer, loss=loss,
run eagerly=False)
return model

#Distributed Training
trainer = Estimator.from keras (model creator=model creator)

trainer.fit (train data creator, epochs=3, ...)

stop orca context ()

CVPR 2021 Tutorial
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Summary

= Analytics Zoo: Software Platform for Big Data Al
« E2E Big Data Al pipeline (distributed TF/PyTorch/BigDL/OpenVINO on Spark & Ray)
* Advanced Al workflow (AutoML, Time-Series, PPML, etc.)

= Github

 Project repo: https://github.com/intel-analytics/analytics-zoo

« Use case: https://analytics-zoo.readthedocs.io/en/latest/doc/Application/powered-by.html

= Technical paper/tutorials
* ACM SoCC 2019 paper: https://arxiv.org/abs/1804.05839
« CVPR 2021 tutorial: https://jason-dai.github.io/cvpr2021/
« AAAI 2019 tutorial: https://jason-dai.github.io/aaai2019/
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