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Concept Refresh

Al

Sense, learn, reason, act, and adapt to the .
real world without explicit programming Data Analytics
Build a representation, query, or model that
Perceptual Understanding enables descriptive, interactive, or predictive
Detect patterns in audio or visual data analysis over any amount of diverse data

Machine Learning
Computational methods that use learning algorithms to build a
model from data (in supervised, unsupervised, semi-supervised, or
reinforcement mode)

Deep Learning
Algorithms inspired by neural networks
with multiple layers of neurons that
learn successively complex
representations

Convolutional Neural
Networks (CNN)
DL topology particularly
effective at image
classification

Training Prediction/Inference/Scoring
Iteratively improve model accuracy Deploy trained model to emit score / class




Concept Refresh
Apache Spark* 101 558’-4\3

Spark SQL + S MLIib GraphX
DataFrames s Machine Learning * :
Computation
Spark Core API
R SQL Python Scala Java

http://spark.apache.org/




What is BigDL?

BigDL is a distributed deep learning library for Apache Spark*

BigDL: implemented as a standalone library on Spark (Spark package)

DataFrame

ML Pipelines

SparkR MLlib GraphX

Spark Core




WHY:
Motivation for BigDL




Motivation for BigDL

Al: HPC or Big Data?

Our Belief: We Should Approach it as
a Big Data Problem
for Al & DL to Become Mainstream

Making Al Pervasive
Democratizing Al Computing
Unleash the Full Potential of Al




Motivation for BigDL

Data Scale Driving Deep Learning Process
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Motivation for BigDL

Production ML/DL system is Complex

Machine
Resource Monitoring
: Management
Configuration Data Collection | Sorving
Infrastructure
i Analysis Tools
EFfat;Te Process
el Ul Management Tools

Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown
by the small black box in the middle. The required surrounding infrastructure is vast and complex.

“Hidden Technical Debt in Machine Learning Systems”,
Google, NIPS 2015 Paper




Motivation for BigDL

Unified Big Data Platform Driving Analytics and Data Science

Hadoop & Spark Platform

(e
N & 3

Data
Processing
& Analysis

~ Resource Mgmt
‘ YARN
. & Co-ordination -
| Data
* Input Storage  |EUNEY

DataFrame Flink §§ Storm
ML Pipelines !
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Motivation for BigDL

The Missing Piece ?

” How to Run Deep Leaning Workloads Directly on Big Data Platform?
* Integrated with Big Data ecosystem

» Massively distributed, shared-nothing
» Scale-out
f? Send compute to data
Fault tolerance
Elasticity

Incremental scaling
Dynamic resource sharing




BigDL - Itis a BIG DEAL!

Open sourced on Dec 30, 2016

BigDL: Distributed Deep learning on Apache Spark

What is BigDL?

BigDL is a distributed deep learning library for Apache Spark; with BigDL, users can write their deep learning applications as
standard Spark programs, which can directly run on top of existing Spark or Hadoop clusters.

® Rich deep learing support. Modeled after Torch, BigDL provides comprehensive support for deep learning, including
numeric computing (via Tensor} and high level neural networks: in addition, users can load pre-trained Caffe or Torch
models into Spark programs using BigDL.

Extremely high performance. To achieve high performance, BigDL uses Intel MKL and multi-threaded programming in
each Spark task. Consequently, it is orders of magnitude faster than out-of-box open source Caffe, Torch or TensarFlow
on a single-node Xeon (i.e. comparable with mainstream GPU).

Efficiently scale-out. BigDL can efficiently scale out to perform data analytics at "Big Data scale”, by leveraging Apache
Spark (a lightning fast distributed data processing framewaork), as well as efficient implementatiens of synchronous SGD
and all-reduce communications on Spark.

Why BigDL?

You may want to write your deep learning programs using BigDL if:

® You want to analyze a large amount of data on the same Big Data (Hadoop/Spark) cluster where the data are stored (in,
say, HDFS, HBase, Hive, etc.).

You want to add deep learning functionalities (either training or prediction) to your Big Data (Spark) programs and/or
workflow,

You want to leverage existing Hadoop/Spark clusters to run your deep learning applications, which can be then
dynamically shared with other werkloads (e.g., ETL data warehouse, feature engineering, classical machine learning,
graph analytics, etc.)

How to use BigDL?

To learn how to install and build BigDL (on both Linux and macOS). you can check out the Build Page

To learn how to run BigDL programs (as either a local Java program or a Spark program), you can check out the Getting
Started Page

To try BigDL out on EC2, you can check out the Running on EC2 Page

To learn how to create practical neural networks using BigDL in a couple of minutes, you can check out the Tutorials Page

For more details, you can check out the Documents Page (including Tutorials, Examples, Programming Guide, etc.)

Support

* You can join the BigDL Gaogle Group (or subscribe ta the Mail List) far mare questions and discussions on BigDL

® You can post bug reports and feature requests at the Issue Page
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WHAT:
Architecture, Features and Code




Architecture,

* Write deep learning applications BigDL: implemented as a standalone library on Spark (Spark package)
as standard Spark programs

* Run on top of existing Spark or
Hadoop clusters (No change to
the clusters)

ML Pipelines
* Rich deep learning support . ,
* High performance powered by SQL | SparkR | Streaming M MLib | GraphX
Intel MKL and multi-threaded ‘
programming
reduce communications on Spark




Architecture,

* Training using synchronous mini-batch SGD
* Distributed training iterations run as standard Spark
jobs

Worker Worker Worker

- B span intel ML 1l
~ DL App on Driver w gtors .., | DObLib iggin

Standard Spark
jobs

Spark BigDL
| Program | library

Task

! e ﬂ Spark 'gisbiiib |
N (JVM)




Architecture,

A distributed training example,

Distributed Training (Jeff Dean, NIPS 2012)
* Model Parallelism Parsiveter Seiver W = W=THAW
« Data Parallelism [ ][ [ ][ ]

L

//M H
- [00 00 00
Replicas [::][::] [::][::] [::J[::]

Data
Shards




Architecture,

Training Set

———————————————————

Partition 1
“Canonical” implementation on Apache Spark | —— il e
Driver becomes the bottleneck 1 2 e +
i artition E A
« RDD.reduce / aggregate =iy Workepm— . Biriyer
| | Sample Pt
« RDD.treeAggregate (shuffle) ; — @ /"
i Partition n i
iSample




Architecture,

BigDL distributed training: Block Manager(Parameter Server)

 Implement an P2P All Reduce @ ® ®
. Gradient Parameter radien arameter Gradien Parameter
Algorithm on Apache Spark [I:El: — o t: Paramet u:|:t|;’ u:él
« Spark block manager as Worker ‘ Worker Q Worker ‘
parameter server (handle o ) 2
different APIs of Spark 1.x/2.x) o{} v
 Compress float32 parameter to I | I | I | |
float16 parameter Partition 1 Partition 2 Partition n

Training Set

ZIE




. Features

Rich deep learning support

— Feature parity with existing DL
frameworks (e.g., Caffe and Torch)

— Load pre-trained Caffe or Torch
model into Spark programs

— Model Snapshot
« Usefulin a long training
* Used in inference later
* Share your model with others

* Fine-tune the model

BigDL

Model File

Caffe

Model File

Torch
Model File

Load

=)

N ‘ Save
— 2

Storage

BigDL




. Features

Integrates with Spark-ML Pipeline

* Wrapper with Spark ML Transformer ‘

€

* Pluginto Spark ML pipeline
* Support 1.5/1.6/2.0

@




. Features

BigDL integrates with Spark Streaming for runtime training and prediction

Train
oros N sy I ol => I >
Streaming |:> oae
Predict

Twitter




, Features

Layers

= 90+ Layers (Yiheng)
Criterion

= 10+ loss functions
Optimization

= SGD, Adagrad, LBFGS
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. Features

BigDL provide examples to help developer play with BigDL and start with
popular models.

Examples

Shiging Fan edited this page 28 days ago - 4 revisions

https://github.com/intel-analytics/BigDL/WiKi/EXaMPLES oo e s s o s e spsme s

including:
0 * Models
Models (T d Inf Example Code):
O e S ra I n a n n e re n C e Xa p e O e [} © LeNet: it demonstrates how to use BigDL to train and evaluate the LeNet-5 network on
MNIST data.
© Inception: it demonstrates how to use BigDL to train and evaluate Inception v1 and

= Inception v2 architecture on the ImageNet data.
- LeNet’ I nce ptlon’ VGG, ReSNet, RN N, Auto_enCOder © VGG: it demonstrates how to use BigDL to train and evaluate a VGG-like network on
CIFAR-10 data.
ResNet: it demonstrates how to use BigDL to train and evaluate the ResNet architecture on
CIFAR-10 data.

RNN: it demonstrates how to use BigDL to build and train a simple recurrent neural network

o

o

Examples:

(RNN) for language model.

o

Auto-encoder: it demonstrates how to use BigDL to build and train a basic fully-connected
autoencoder using MNIST data.

 Text Classification

O text_classification: it demonstrates how to use BigDL to build a text classifier using a simple
convolutional neural network (CNN) model.

Wl .
[ ] I l f t © image_classification: it demonstrates how to load a BigDL or Torch maodel trained on
mage Classification -
ImageNet data (e.g., Inception or ResNet), and then applies the loaded model to classify the

contents of a set of images in Spark ML pipeline.

© load_model: it demonstrates how to use BigDL to load a pre-trained Torch or Caffe model

 Load Torch/Caffe model rpmm———




. Features

Model on Data Set Top-1

Accuracy
LeNet5 on MNIST 99%
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AlexNet OWT on ImageNet 56%

GoogleNetV1 on ImageNet 68%




Features

* High Single Node Performance
 Powered by Intel MKL.
 Benchmarked best on Xeon E5-26XX v3 or E5-26XX v4

 Efficient Scale-out

« Efficiently scale out to several 10s of Xeon servers on Spark to distributed
train some deep learning model on ImageNet dataset

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




Code

BigDL APIs:

Tensor

= Multi-dimensional array of numeric types (e.g., Int, Float, Double, etc.)

Module

» Individual layers of the neural network (such as ReLU, Linear, SpatialConvolution, Sequential, etc.)
Criterion

» Given input and target, computing gradient per given loss function

DataSet

* Training, validation and test data

= Transformer: series of data transformations (->)

Engine

» Runtime environment for the training (e.g., node#, core#, spark vs. local, multi-threading, etc.)
Optimizer

» Local & distributed optimizer (synchronous mini-batch SGD)

» OptimMethod: SGD, AdaGrad, etc.




Code

Tensor
= A powerful ndarray data structure
= Generic data type

» Data manipulate / math APIs, model after torch

scala> import com.intel.analytics.bigdl.tensor.Tensor
import com.intel.analytics.bigdl.tensor.Tensor

scala> val tensor = Tensor[Float](2, 3)

tensor: com.intel.analytics.bigdl.tensor.Tensor[Float] =
0.0 0.9 0.0

0.0 0.0 0.0
[com.intel.analytics.bigdl.tensor.DenseTensor of size 2x3]




Code

scala> import com.intel.analytics.bigdl.numeric.NumericFloat // import global float tensor i
import com.intel.analytics.bigdl.numeric.NumericFloat

scala> import com.intel.analytics.bigdl.nn._
import com.intel.analytics.bigdl.nn._

scala> fval f = Linear(3,4) // create the module I
mlp: com.intel.analytics.bigdl.nn.Linear[Float] = nn.Linear(3 -> 4)

// let's see what f's parameters were initialized to. ('nn' always inits to something reasor
scala> f.weight
res5: com.intel.analytics.bigdl.tensor.Tensor[Float] =

-0.008662592 @.543819 -0.028795477
-0.30469555 -0.3969278 -0.10871882
©0.114964925 ©.1411745 0.35646403
-0.16590376 -0.19962183 -0.18782845

[com.intel.analytics.bigdl.tensor.DenseTensor of size 4x3]




Code

Build a simple model

scala> val g = Sum()
g: com.intel.analytics.bigdl.nn.Sum[Float] = nn.Sum

scala> |[val mlp = Sequential().add(f).add(g)
mlp: com.intel.analytics.bigdl.nn.Sequential[Float] =

nn.Sequential {
[input -> (1) -> (2) -> output]
(1): nn.Linear(3 -> 4)
(2): nn.Sum




Code
A full example

val model = Sequential()
.add(SpatialConvolution(3, 64, 11, 11, 4, 4, 2, 2, 1))

.add(ReLU(true))

.add(SpatialMaxPooling(3, 3, 2, 2)) val optimizer = Optimizer(
.add(SpatialConvolution(64, 192, 5, 5, 1, 1, 2, 2)) model = model,

.add(ReLU(true)) dataset = trainSet,

-add(SpatialMaxPooling(3, 3, 2, 2)) criterion = new ClassNLLCriterion[Float]()
sadd(SpatialConvelition (192, 384, 3, 35 1, Ll 1, 1)) )

.add(RelLU(true))

.add(SpatialConvolution(384, 256, 3, 3, 1, 1, 1, 1))

.add(RelLU(true))

“add(SpatialConvolition (256, 25675 3y 35 1y 1y Ay 1))

.add(RelLU(true))

.add(SpatialMaxPooling(3, 3, 2, 2)) e

.add (View(256 * 6 * 6)) SpIERLZCr

.add(Linear(256 * 6 x 6, 4096)) .setState(state)

.add (ReLU(true)) .setValidation(Trigger.severallteration(620),
«add (Dropori (8. 57) valSet, Array(new ToplAccuracy[Float], new Top5Accuracy[Float]))

.add(Linear (4096, 4096)) ! :
 add (ReLu (EEE) ) .setEndWhen(Trigger.maxIteration(62000))

.add(Dropout (0.5)) .optimize()
.add(Linear (4096, 1000))
.add(LogSoftMax())




Code

Start with tutorials

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

intel-analytics / BigDL
Code Issues 51 1"} Pull requests 19 Projects 0 EB wiki Pulse

Tutorials

Shiging Fan edited this page 24 days ago - 7 revisions

This page shows how to build simple deep learning programs using BigDL, including:

1. Training LeNet on MNIST - the "hello world" for deep learning
2. Text Classification - working with Spark RDD transformations

3. Image Classification - working with Spark DataFrame and ML pipeline




Training LeNet on MNIST

“Hello World” for Deep learning

>0

Hil/

MNIST dataset (images of handwritten digits)

http:

ann.lecun.com/exdb/mnist

Code

o C3: f. maps 16@10x10
: feature maps Sd: f. maps 16@5x5
INPUT 6@20:28 P ps 16@

S2:f. maps

32x32
6@14x14

‘ Full comLection ‘ Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

LeNet-5
http://vann.lecun.com/exdb/lenet/

@D | =




Code

“Hello World” for Deep learning

2¢ T Licensed to Intel Corporation under one or morg
i: package com.intel.analytics.bigdl.models.lenet
iﬁ import java.nio.file.Paths
import com.intel.analytics.bigdl.

23 import com.intel.analytics.bigdl.dataset.DataSet
24 import com.intel.analytics.bigdl.dataset.image. {GreylmgNormalizer, GreyImgToBatch, BytesToGreyImg)

25 import com.intel.analytics.bigdl.nn.{ClassNLLCriterion, Modules}
26 impert com.intel.analytiecs.bigd] . numeric.NumericFiocat
! import com.intel.analytics.bigdl.optim.
import com.intel.analyties.bigdl.utils. {Engine, T}

259 import org.apache.logdj.{Level, Logger)
i0 import org.apache.spark.SparkContext

i3=obdect Train {

34 Logger.getLogger ("org"”) .setLevel (Level .ERROR)

Logger.getLogger (™ a?ka"} setLevel (Level . ERROR)

6 Logger.getLogger ("breeze™) .setlevel (Lavel .ERROB)

37 Logger.getLogger ("com.intel.analyties.bigdl.optim") .setlevel (Level.INFO)




Code

“Hello World” for Deep learning

* sc is None for local mode;

* Program will run as either local
program or Spark program based on sc
value.

41 def main(args: Array[Stringl): Unit = |

42 tralnParﬁer.parde{args, new TrainParams ()).map(param => ({

val sc = Engine.init (param.nodeNumber, param.coreNumber, param.env ==
conf.SetﬂppNaF—f“Traln Lenet on MNIST")

5 .set ("spark.akka.frameSize", | .toString)

& .set{"spark.task.maxFailures”, "1")

7 new SparkContext (conf)

"spark"} .map (conf => {

1S SO = T =S~

8 H

50 val tr

t Jat Paths.get (param.folder, "/train-images-idx3-ubyte")

51 val trainlabel = Paths.get (param.folder, "/train-labels-idxl-ubyte®)

52 val validationData = Paths.get{param. folder, "/t10k-images-idx3-ubyte™)
: 3 :

val validationLabel = Paths.get (param.folder, "/t10k-labels-idxl-ubyte")

55 val model = if (param.modelSnapshot.isDefined) |
5& Module.locad[Float] (param.modelSnapshot.get
57 } else {

58 LeNeth {classNum = )
54 ]

i@’ 35




Code

val model = Sequential ()
model.add (Reshape (Array (1, Z2E

4] def main(args: Array[sStringl): Unit = {
4; trainParser.parse{args, new TrainParams()).map(param => [
43 val sc = Engine.init (param.nodeNumber, param.corsNumber, param.env == "spiji
44 conf.sethppName ("Train Lenet on MNIST")
45 .set("spark.akka.frameSize", o4.toString)
45 .set{"spark.task.maxFailures", "]
47 new SparkContext (conf)
48 | B
49
5S¢ val trainData = Paths.get(param.folder, "/train-images-idx3-ubyte")
51 val trainlabel = Paths.get(param.folder, "/train-labels-idxl-ubyte”)
5 val validationData = Paths.get (param.folder, "/tlOk-images-idx3-ubyte”)
53 val validationLabel = Paths.get (param.folder, "/tl0k-labels-idxl-ubyte")
5 val model = if (param.modelSnapshot.isDefined) {
5E Module, load [Float] (param.modelSnapshot.get)
5 } else |
LelNet5{classNum = )

}
61 val state = if (param.stateSnapshot.isDefined) {
62 T.load(param.stateSnapshot.get)
63 } else |

“Hello World” for Deep learning

;s 28)1}

.add(SpatialConveolution(l, &, 5, 5))
.add (Tanh () )

.add (SpatialMaxPooling(2, 2, 2, 2))
.add (Tanh(})

.add (SpatialConvolution(6e, 12, 5, 5))
.add (SpatialMaxPooling (2, 2, 2, 2))
.add (Reshape (Array (12 * 4 *
.add(Linear{l2z * 4 * 4, 100))
.add (Tanh ())
.add(Linsar (100,
.add (LogSoftMax () )

classNum) )

l@} 36




Code

“Hello World” for Deep learning

61 val state = if (param.stateSnapshot.isDefined) |
2 T.load (param.statesSnapshot.get)
] else {

T

"learningRate" -> param.learningRate

val trains = {&f ( )
Dat t.array(load(trainbata, trainlabsl sc.get)
1 } else |
DataSet.array(load
}} -> BytesToGreyImg

BytesToGrey lizer{trainMean, trainStd) -> GreyImgToBatch(

param.batchsize)

val optimizer = Optimizer |
model = modsl
dataset = trainSet
criterion = ClassNLLCriterion[Float]())

B if (param.checkpoint.isDefined) {

: optimizer.setCheckpoint (param.checkpoint.get, Trigger.everyEpoch)

(551
A

g2 }




“Hello World” for Deep learning

a1 val state = if (param.stateSnapshot.isDefined)
52 T.locad(param.stateSnapshot.get)

63 } else |

a4 T

65 "learningRate" -> param.learningRate

b€ }
[ = 7 ]

{

Code

69 val trainset = (if (sc.ispefined) {
7 DatasSet.array{lead{trainData, trainlabel), sc.get)
71 | else |
2 DatasSet rray{l&ad{h__luljud, trainlabel))
73 }} -> BytesToGrevImg{2i, } =-> GreyImghormalizer (ErainMean,
74 param batch51ze}
val optimizer = Optimizer |
moael = model,;
dataset = rra:gjlf,
7 criterion = ClassNLLCrit: nfFloat](})
i if (param. checkp01nt lb[“llﬂ*d] {
81 optimizer.setCheckpoint (param.checkpoint.get, Trigg

trainstd)

igger.everyEpoch)

-

rrewr]
i ¥

=

B

ch(




Code

“Hello World” for Deep learning

84 val validationSet = {if (sc.isDefined) {
ik DataSet.array(load(validaticnData, validationLabel), sc.get)

Set.array(load({validationData, wvalidationLabel})
}) —-> BytesToGreyImg(2g, } —= GreylmgNormalizer (testMean, testStd) -> GreylmgToBatch(

%GR L
]
juf]
]
s
=
=3
et
—+
r
-
L
s
™
m

optimlzer
92 setValidation(
Etrigger = Trigger.ev

4 dataset = wvalidationSet;
95 vMethods = Array(new ToplAccuracy))
-4 .setsState(state)

. setEndWhen (Trigger .maxEpoch (param.maxEpoch) )

«optimize()

.| }




WHERE:
Use Cases




WHERE CAN | USE BIGDL?

= Analyze "big data” using deep learning on the same Hadoop/Spark cluster where
the data are stored

» Add deep learning functionalities to the Big Data (Spark) programs and/or
workflow

» Leverage existing Hadoop/Spark clusters to run deep learning applications

— Dynamically sharing with other workloads (e.g., ETL, data warehouse, feature
engineering, classical machine learning, graph analytics, etc.)

= Making deep learning more accessible for Big Data users and Data Scientists.




FRAUD DETECTION Using BigDL and SparkML

Big Data management

= Online, Mobile or Database
= Billion-scale support

Feature ma nagement

» Stratified statistical analysis
* Feature derivation & store

Feature engineering

pipeline

* Rich function with Imputor,
resampling and \WoE, etc.

Model training pipeline

« Grid search, model
ensemble, cross validation

+ Fnsemble of neural
networks on BigDL

[ ——
i
=%

{ Ana hysis with domain y
knowledge

Werification & Clean

Feature Derivation

Statistical Analysis

Raw data

|

I

l
: HEI

s

Enriched
s — |

Features
(,.-— Feature Engineering Pipeline _\

Resampling

7 4

RISIMNG PRECISION

4 10

Model Ensembling and Training

-

Data subset

= model num

)

Evaluation
On Test Data

Grid Search

Data Subset

Model number

Hidden layers

-

Data Subset




Product Defect Detection and Classification

Big Data management

= High resolution images
= Large volume of data \ .

Proposal Extraction Raw data

= Extract proposals for each defect
= Parallel pipeline(KeyStone ML Pipeline)
* Running on Spark

Preprocessing

* Preprocess the proposals before I"
model training or testing . L

Model training pipeline

= Train Convolutional Neural
Networks on Spark

= Parameter tuning, optimize
proposal extraction algorithms

Parallel Proposal
Extraction

Scrape Proposals

Extraction

LR )

Acid and Qil

Proposals Extraction

Preprocessing

Pixel Normalization

CNN Training and Model Perfarmanee

Prediction

Teoeall l.,mm 11
Bwscrape  Booil In\.:

Evaluation
On Test
Data

Retuning the models:
Hidden Layers
Learning Rate

Proposal Algorithm

i@} 43




Language Model with RNN

Text RNN Model

Preprocessing Training

Sentence
Generating

= Sentence Tokenizer
= Dictionary Building

* Input Document
Transformer

Generated sentences
with regard to trigger
words.




RNN Model

w1 w2 w3 Wi 1 0feeid]

package com.intel.analytics.bigdl.models. ran

= 2 simport ...
Propahility 2
23 object SimpleRNN {
. 24 def applyl
2 inputSize: Int,
26 hiddenSize: Int,
ho ( —{( —A 27 outputSize: Int,
0 7 ki CD 28 bpttTruncate: Int = 4)
29 : Module[Float] = {
30 val model = Sequential[Floatl()
31 model.add{Recurrent[Float] (hiddenSize, bpttTruncate)
One-Hot 32 .add{RnnCell[Float] (inputSize, hiddenSize))
33 .add{Tanh[Floatl(}))
3 .add(Linear[Float] (hiddenSize, outputSize))
model

}

< s> 151 Wa W3 37 }

See the code at:
https://github.com/intel-analytics/BigDL/tree/master/dl/src/main/scala/com/intel/analytics/bigdl/models/rnn




Learn from Shakespeare Poe

Output of RNN:

k Long live the King . The King and Queen , and the Strange of the Veils of the
" rhapsodic . and grapple, and the entreatments of the pressure . |

-

- Upon her head , and in the world ? °* Oh, the gods ! O Jove ! To whom the kingj
- O friends! -

 Her hair, nor loose ! If, my lord , and the groundlings of the skies . jocund and
fTasso in the Staggering of the Mankind . and

=




Fine-tune Caffe/Torch Model on Spark

Image source: https://www.flickr.com/photos/

* Train on different dataset based on pre-trained model
* Predict image style instead of type
* Save training time and improve accuracy







Fast-RCNN

= Faster-RCNN is a popular object
detection framework

= |t share the features between
detection network and region
proposal network

Ren, Shaoqing, et al. "Faster r-cnn: Towards
real-time object detection with region proposal
networks." Advances in neural information
processing systems. 2015.

Rpn cls conv

Feature network
e.g. vgg, bvanet, efc

Image info: height,
width, scale

\.\.‘
P Visualize

i@} 49




Object Detection with Fast-RCNN

val classes = Array[String]|(
" background ", "aeroplane", "bicycle”, "bird", "boat", "bottle", "bus",
"car", "cat", "chair", "cow", "diningtable”, "dog", "horse", "motorbike",
“person”, "pottedplant”, "sheep”, “"sofa”, "train", "tvmonitor”

)

val net = FasterRcnn(params.modelType,
catfeModel = Some( (params.caffeDefPath, params.caffeModelPath)))

val dataSet = Preprocessor(params.imagefFolder, net.param, sc)

val validator = FrcnnValidator(net, classes, dataSet = dataSet)
val output = validator.test()
output.foreach(x == {
(1 until classes.length).foreach(cls => {
VisualizeTool.visDetection(x. 4, classes(cls), x. 1l(cls),
thresh = 0.8f, outPath = params.outputFolder)
1)

})




HOW:
Get Started with BigDL




Get Started with BigDL

= BigDL programs

— Run as either local Scala/Java programs, or Spark programs

» |Interactive Scala shell (REPL) is a great way to get started
Type:
$ source PATH_To_BigDL/scripts/bigdl.sh

$ scala -cp bigdl-©.1.@-SNAPSHOT-jar-with-dependencies-and-spark.jar

Scala shell:

Welcome to Scala 2.11.8 (Java HotSpot(TM) 64-Bit Server VM, Java 1.8.8 91).
Type in expressions for evaluation. Or try :help.

scala>




Get Started with BigDL

BigDL Out-of-box run scripts on AWS

https://github.com/intel-analytics/BigDL/wiki/Running-on-EC2

intel-analytics / BigDL

Code Issues 51 Pull requests 19 Projects 0 EE Wiki P

Running on EC2

Jason Dai edited this page 17 days ago - 30 revisions

e 1. AMI
e 2 Before You Start

® 3. Run BigDL examples
© 3.1 Run the "inception-v1" example

© 3.2 Run the "perf" example




BigDL On Github

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

Community
Mail List

bigdl-user-group+subscribe@googlegroups.com

Report bugs and feature request

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




Key Contacts & Additional Resources
Email: Jason.dai@intel.com (Chief Architect, BigDL)

O'reilly Podcast/ Jason Dai

* https://soundcloud.com/oreilly-radar/deep-learning-for-apache-spark

Databricks Blog

* https://databricks.com/blog/2017/02/09/intels-bigdl-databricks.html

Spark Summit Talks

* https://spark-summit.org/east-2017/events/bigdl-a-distributed-deep-learning-library-on-spark/

« https://spark-summit.org/east-2017/events/building-deep-learning-powered-big-data/

Intel Developer Zone for Al

* Video: https://software.intel.com/en-us/videos/bigd|-distributed-deep-learning-on-apache-spark

* Blog: https://software.intel.com/en-us/articles/bigdl-distributed-deep-learning-on-apache-spark
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what'’s inside”



