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DEEP LEARNING IN REAL-WORLD LARGE-
SCALE IMAGE SEARCH AND
RECOGNITION

Xian-Sheng Hua Senior Director/Researcher, Alibaba Group
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Collar Style : Round

Sleeve: Short

Pattern: Cartoon

Dominant Color : White
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DEEPFONT: FONT RECOGNITION AND
SIMILARITY BASED ON DEEP LEARNING

Hailin Jin Principal Scientist, Adobe
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AUTOMATED GEOPHYSICAL FEATURE
DETECTION WITH DEEP LEARNING

Chiyuan Zhang PhD Student, MIT
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Data acquisition, on/off shore. waveforms (time series) indexed
by shot id and receiver id

Offset {meters)
-2000 —1000 0 1000 2000

Shot(5100m)

Seismic interpretation
Seismic acquisition
and processing

Well log analysis Geologic interpretation Reservoir modeling
and tie-in modeling
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Early stages feature

detection can help to steer

the interpretation &
modeling process.

Shot(5100m)

Seismic interpretation
Seismic acquisition

Step 2: Feedback loop & Iterations

Ié': ; : ‘ti'{. y i ':b'

cflOﬂ

Well log analysis Geologic interpretation Reservoir modeling
and tie-in modeling

and processing

Step 1: Interpretation & Modeling

Impermeable
. Shale clay

Porous
” Reservoir rock

Source rock

Geophysical

Features & Structures
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Seismic Survey

Offset (meters)
—-2000 -1000 0 1000 2000

{oa8) auy],
a1

bt

Shot(5100m)

From raw seismic traces, discover
(classification) and locate (structured
prediction) faults in the underground

structure, before running migration /
interpretation.
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Challenge

@ Unlike simple classification, the output
space is structured.

@® The mapping from traces to location of
faults is a very complex nonlinear function.

© DNNs need alot of training data.

O Computational issue.

Solution
Wasserstein-loss based structured output
learning,

Using deep neural networks for modeling,

Generate random synthesized training data
(geological/geophysical model design +
physical simulation + generative probabilistic

modeling)

Julia + GPU computation with NVidia
CUDA.
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Synthesize Random
Velocity Models

e Propagations

Physical Simulation of Wav

\ Simulate Wave-propagation &
Collect Seismic Traces

Generate Ground-
truth Fault Location
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& layers, 1 tault= Faults

| etz Test case: 10k models, S10k traces,

wl f SGD 250k iterations. No noise, 1 fault,
@ / no salt body, downsample 64.

“I / DNN arch: 4 layers,1024 neurons

Prediction accuracy:
* Areaunder Curve (AUC): 77%
* Intersection over Union (IOU): 71%
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7 e, 2taute -
| [ Test case: 10k models, 510k traces,
o A j,f’/ SGD 250k iterations. No noise, 2 faults,
" ;}{x no salt body, downsample 8. DNN arch:

ol 1o VA 4 layer, 768 neurons

- . ;

Giround-truth

Prediction accuracy:
* Areaunder Curve (AUC): 86%
* Intersection over Union (IOU): 75%
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G lAayars, 1 tauls Faums
— 1oC=57 ang o= 105 ,Ootteat=— 10

= 20
40 40
L= u] (=)

.

= a0 i

|{II
100 100
) 40 &0 a0 100 &0 0 100 120 140

Ground—truth

7 layar=, 1tault= Fault=
loc=72 angle=75 ott=st=—10 |
20 Fn]
40 &0
L= ]
g
&0 a0 lILLI
100 100 !
20 40 =l an 100 a0 a0 100 120 140

Giround—truth

Test case: 10k models, S10Kk traces,
SGD 250k iterations. No noise, 1 fault,
Salt body, downsample 8. DNN arch: 2,256

Prediction accuracy:
Areaunder Curve (AUC): 96%
* Intersection over Union (IOU): 74%

4 layers. 1 taul= Fauf=

——— =153 .angle=114 pt=st=—10 |




DEEP LEARNING ALGORITHMS FOR
RECOGNIZING THE FEATURES OF FACIAL
AGEING

Konstantin Kiselev Data Scientist, Youth Laboratories
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Photo
preprocessing

—

Wrinkles area I-==
detection

. [
, Facial zone i 8
Alignment \

Face
detection

I - . Current RYNKL Score

Make wrinkles . ——— Calculate
wrinkle score

ma p Forehead: 171
Eyes: 23

Each zone is processed Cheeks: 28

separately, wrinkle-related ey

features are detected
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VGG-11 7

224x224x3 | conv3-64
image maxpool

ULHDAD7DE L

JUO\CEAEDmEIEZ iR

conv3-256 conv3-512 conv3-512
conv3-256 conv3-512 conv3-512
maxpool maxpool maxpool

conv3-128
maxpool

SegNet%

JWNTUDNY T Z R

VGG-16%

JOWTRYNKLA D7 ZH#ETE

Convolutional Encoder-Decoder

FC-4096
FC-4096
FC-1024
Soft-Max

60 points
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IMAGE-BASED STICKER RECOMMENDATION
USING DEEP LEARNING

Jiwon Kim Senior Research Engineer, Naver Labs
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_Purchase | _Author | _Image | Ranking _
1.00 0.32 0.21 0.07

Total click rate, normalized with respect to purchase-
based recommendation scheme



TRAINING AND DEPLOYING DEEP NEURAL
NETWORKS FOR SPEECH RECOGNITION

Bryan Catanzaro Senior Researcher, Baidu Research
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Warp-CTC

Baidu®Open source{b,ENfzCTCE =
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Deep Speech?2

No—=Z2057 =4 AFHX0OEBET Y (RFELILREE)

Fraction of Data Hours Regular Dev  Noisy Dev

1% 120 29.23 50.97
10% 1200 13.80 22.99
20% 2400 11.65 20.41
50% 6000 9.51 15.90
100% 12000 8.46 13.59
Batch Norm
Architecture Hidden Units Train
Baseline BatchNorm Baseline BatchNorm
1 RNN, 5 total 2400 10.55 11.99 13.55 14.40
3 RNN, 5 total 1880 9.55 8.29 11.61 10.56
5 RNN, 7 total 1510 8.59 7.61 10.77 9.78
7 RNN, 9 total 1280 8.76 7.68 10.83 9.52
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one node multi node

512

256

128

(8]
=

98]
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Typical
training run

—
)]

TFLOP/s

— [\ Fa co
l

1 2 4 8 16 32 64 128
Number of GPUs




GEMM Perf

—  fp32

All reduce / FP16 e = Eees

L L Y o :
HEOAllreducezE3= Maxwell
GPU  OpenMPI Our Performance ST e
all-reduce all-reduce Gain ol — P2

4 55359.1 2587.4 21.4 8

8 48881.6 2470.9 19.8

16 21562.6 1393.7 15.5 g 6

32 8191.8 1339.6 6.1 E

64 1395.2 611.0 2.3 ’ |
128 1602.1 422.6 3.8 |/ Pascal (}EE)

1 32 64 128 256
Minibatch



DEEP CONVOLUTIONAL NEURAL NETWORKS
FOR SPOKEN DIALECT CLASSIFICATION OF
SPECTROGRAM IMAGES USING DIGITS

Nigel Cannings Chief Technical Officer, Intelligent Voice Limited
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GooglLeNetT DALEE

Full Spectral
Apply convolutions to Features, e.g. _
extract primitives such phones, Dialect
as edges words Classification
Object parts /\
Database: extracted
501248 spectrograms .
for training

Refinement

24352 spectrograms
of accuracy

for validation
51501 spectrograms
for testing




English-South_Asian_(Indian)
I i‘“ % Portuguese-Brazilian

Slavic-Polish
= Accuracy — 83.99 (Top-1), 98.89% (Top-5) French-Haitian |

Arabic-Leventine

| | |
Spanish-_. | | |
. - - 100 Spanish-European | | |
N r:;’-/%'/f - Chinese-Min_Dong | | | |
WFM Arabic-Modern_Standard | | |
30 30 : | ] -
B loss1/loss1 wal}; 0.506152 | || Chinese-Cantonese | | | |
- B loss1ftop-1 (val) 82 5615 ArabiC—Egyptian
B (oss1/iop-5 (val) | 98.84230000000001 | |80 4 | | | |
B loss2loss1 fval) 0482718 £ English-British
§ 20+ B loss2/top-1 (val) | 837358 |F% B Spanish-Caribbean 1 | | |
Ipss2/top-5 (val) | 88 84230000000001 2 i | | |
19 B Ioss3lloss3 fval) | 0477686 | || Slavic-Russian
B loss3/top-1 (val) | 83.99830998999099 | || ) 7 | | | |
" B loss3liop-5 (val) | 98,8874 Arabic-Maghrebi | | | | |
' Chinese-Mandarin | | | |
Arabic-lraqi | | | |
’ English-American | | | |
Epoch French-West_African
M loss1fless (irain) M lossZ/losst (train) M loss3/lossd (frain) M loss1floss1 (val) M loss1/top-1 (val) M loss1flop-5 (val) i | | | |
W loss2oss] (val) M loss2itop-1 (val) M loss2op-5 (val) M loss3oss3 (val) [l loss3Mtop-1 (val) B loss3dop-5 (val) Chinese-Wu
| | | |
T T T T

0 20 40 60 80 100



MINING AUDIO INFORMATION ON WEB
VIDEOS AND RECORDINGS

Benjamin Elizalde PhD Student, Carnegie Mellon University
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Flickr Videos Soundtrack Low-level Features
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td8 Extract
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Features Hukal e |

Semantic Features
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Children Playing and Siren in Rome

air_conditioner
car_horn
children_playing
dog_hark
drilling
engine_idling
gun_shot
jackhammer
siren

street_music
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3D DEEP LEARNING

Jianxiong Xiao Assistant Professor, Princeton University



O/RY bDIZHD3R7T Deep Learning irstk
IMAGENET

Accuracy
95% 97%

84%

< Deep Learning

72%

2010 2011 2012 2013 2014 2015 2016

Computer Vision: Robot Perception:
A Huge Breakthrough! Still Doesn’t Work!
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2D Detection “ 3D Detection




3 RFTFE-HNERL

Color
Image

Depth
Map

Input: Single RGB-D Output: 3D Amodal Boxes
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2D Deep Learning

2D Input |« 2D Operations »| 2D Output
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the state-of-the-art approach

Encode Depth Map 2D Contour 2D Region 2D Object 2D Instance Coarse Pose Point Cloud 3D Amodal
as Extra Channels Detection Proposal Detection Segmentation Classification Alignment Detection Result

Depth Map

3D Input |« 2D Operations »|«3D+{3D Output
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3D Deep Learning l =0
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Depth Map

3D Input |« 3D Operations »| 3D Output




3 X5t Deep Learning

3D Region Proposal 3D Recognition
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3D Volumetric
Representation ~—=
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3D Volumetric Representation 3D Object Proposals
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Idea: Because of the spatial nature of 2D images, filter weights can be
re-used at different spatial locations of the image.

C3:1. maps 16@10x10 learned filters

C1: feature maps |
sl N LT
6@14x14 o F&"’Y" %TPUT -l
“nFaFr
k rd "
u n  Gaussian connections F‘ " - h 1
Convolutions Subsampling Convolutions Subsampling Full connection -
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3 R7xAMNII-23FN-Z1-3N-RYpI—D
Idea: Because of the spatial nature of 3D shapes, filter weights can be
re-used at different spatial locations of the 3D volume.
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Object

Object ¥ Softmax
ness > Softmax E -ness
O
3D Box L1 O 3D Box L1

Offset > Smooth Offset > Smooth

Receptive field: 0.4 m3 Receptive field: 1 m3
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Object

_ o Object- N R Ao ¥ Softmax
é E Nness E
@)
3 S 3DBox, LI O 3D Boxy, L1
Offset Smooth Offset © Smooth

* Objectness: Is there an object in this box?

@ Object or not?

« 3D Box Offset: How to adjust the 3D bounding box to better fit the object?

<
- F
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le=y bed?
'H.f chair?

T table?

not an object?

3D ConvNet

3D bounding
box adjustment
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sofa mbed mbathtub mgarbage bin = chair mdesk m pillow = bookshelf sofa mbed =bathtub mgarbage bin = chair m desk m pillow = bookshelf
table ®m box M monitor © night stand ™ door m lamp = sink toilet W tv table @ box M monitor = night stand ™ door ® lamp = sink toilet mtv



YEER : MERELLE:

3D Non-Deep Learning

2D Deep Learning

3D Deep Learning

[ 1 . ._
Algorithm Input = -~ T == X | mAP
Sliding Shapes Depth | 335 | 29 | 345 | 33.8 | 67.3 | 39.6
Depth-RCNN (segment) | Depth | 71 | 18.2 | 49.6 | 30.4 | 63.4 | 46.5
Depth-RCNN (segment) | RGB-D | 74.7 | 18.6 | 50.3 | 28.6 | 69.7 | 48.4
Depth-RCNN (CAD fit) | Depth | 72.7 | 47.5 | 54.6 | 40.6 | 72.7 | 57.6
Depth-RCNN (CAD fit) | RGB-D | 73.4 | 44.2 | 57.2 | 33.4 | 84.5 | 58.5
Ours Depth | 83.0 | 58.8 | 68.6 | 49.5 | 79.2 | 67.8
Ours RGB-D | 84.7 | 61.1 | 70.5 | 55.4 | 89.9 | 72.3




Deep View Planning

VG/

@
haillle,
e

e

Volumetric representation

3 3DDBNModel >«

i e L 4

Aha!

Next-Best-View A It is a sofa!

k- W&
- &

Not sure. & . :
- 2 .Q "
Look from Ses0 e

sofa?

arcs.\cr‘.’

What is 1t?

another view?

bathtub? Where to look next? New depth map



HAND GESTURE RECOGNITION WITH 3D
CONVOLUTIONAL NEURAL NETWORKS

Pavlo Molchanov Research Scientist, NVIDIA
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GESTURE IS NATURAL FORM OF
COMMUNICATION "

SAFE INTERFACES .
@ bmw.com
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We do:

We don’t:

Kinectv1

e

SoftKinetic

: 4 _.
‘v \,,
Hand model fitting
and tracking
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19 classes, 8 subjects

Driver and passenger

RGB + Depth from Microsoft Kinect

885 gestures in total

http://cvrr.ucsd.edu/vivachallenge/index.php/hands/hand-gestures/
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RelLU Rel U

Prediction

- --»‘-»(-»/

3D convolution 3D convolution 3D « ufl\'(*n-f_m 30D convolution
and max-pooling and max-pooling and max-pooling and max-pooling Softmax
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Back
propagation
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DELE Back
augmentation propagation
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Spatial geometric Transformation

\

\
LN !

e

™,
Vas| Bk 7
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Temporal augmentation/Generating new training data

KA mICIL—L%IHT
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with data augmentation

O O o ——64.5

HONAD o 55. 7
aaadlo o8 @000

G —— 4.6

Harms-3-50 e —— 6.4
0 10 20 30 40 50 60 70

Classification accuracy, higher better




NVIDIA (3D-CNN)
HOG+HOG2

HON4D

Dense Trajectories
HOG3D

Harris-3.5D

cu?NNv4 +400

300 400 500 600
FPS, higher better

700

800
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End of the gesture

Decision

Start of the gesture End of the gesture

Decision
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global
motion
descriptor

local
motion
descriptor

R o m’a\"i‘ﬂ\"ﬁ T

8 frames Video server




INTELLIGENT VIDEO ANALYSIS SYSTEM
BASED ON GPU AND DISTRIBUTED
ARCHITECTURE

Shiliang Pu Executive Vice President, Hikvision Research Institute
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* Human
* Vehicle
» others

* Human

feature

* Vehicle

feature

« Human

Face

* Vehicle

license



Ell.‘-\ Eﬁﬁ“




MRS —>2VT Y RREROTIIUZATIZELL
exn i | ‘

i
TRMMALARYRAANRAAG

>
AT



Deep Learninglc &3R5S A=

ROV IV IV s Deep Learning
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Pedestrian detection Recall rate, fpp1 = 0.1
100%

90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

overall passenger indoor public sunny rainny  winter summer
channel area day day

® I'raditional ™ Deep leamning
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Safe belt Phone
not fastened calling
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Vehicle feature accuracy increased by Deep Learning
100

95

90

8

80

| I
70

vehicle color brand model sun blade safe belt  phone calling

v

o

m traditional algorithm  m deep learning
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VQA: VISUAL QUESTION ANSWERING

Aishwarya Agrawal Ph.D. Student, Virginia Tech



VQA

ARIEEICOVWCBEARASENERHLOEEMZ5X. BRASEDLIEZZEKT D
—>1 bananas
What is the mustache //
made of?

cloudcv.org/vga/?useVoice=1&listenAnswer=1
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VQA 7—=#Atvh

amazonmechanlcal turk

Artificial Artificial Intellizence

Tsung-Yi Lin et al. “Microsoft COCO: Common Objects in COntext. "ECCV 2014.
http://mscoco.org/

MSCOCODIEHERT —%

SR DERS
EECRIR 5 B EI RS

What color are her eyes? How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?

Does it appear to be riny?

Is this person expecting company?
What is just under the tree? Does this person have 20/20 vision?
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25 AR EDAA=T5—4 (MSCOCO+5RND15AM—%4)
75h0&R GER/AA-)
10005 D[El1E

F—AtYyNITES


http://www.visualqa.org/

2FvRI VQAETI

Image Embedding

L} L
Convolution Layer Pooling Layer Convolution Layer Pooling Layer Fully-Connected MLP @
+ Non-Linearity + Non-Linearity @

Neural Network
Softmax
4096-dim  over top K answers

NG
O,

_’p'v_l x)

— Ply =2 | x)

Input

Question Embedding

“How many horses are in this image?” 1024-dim




RE DR

.| #humans that said ans
Acc(ans) = min

3

1940, COCO..Lrainasi 4000000012015 ( Open-Ended/Mul tiple-Choice/Ground-Truth
, l,‘/ 14 h Q: WHAT OBJECT IS THIS
’ ‘ th Answers
! e (1) television (6) television
- (2) tv (7) television
(3) tv (8) tv
(4) tv (9) tv
(5) television (1@) television
Q: How old is this TV? )
(1) 20 years (6) old
(2) 35 (7) 88 s
(3) old (8) 30 years
(4) more than thirty years (9) 15 years
old (1@) very old
(5) old
Q: Is this TV upside-down? )
(1) yes (6) yes
(2) yes (7) yes
(3) yes (8) yes
(4) yes (9) yes
(5) yes (10) yes
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Human vs. Machine performance

100
90
80
70
60
50
40
30
20
10

2514 room for
improvement

Accuracy (in %)

58.16

Human Machine



GENERATIVE ADVERSARIAL NETWORKS

lan Goodfellow Senior Research Scientist, OpenAl



Generative Adversarial Networks

Generative Modeling
e Have training examples: @ ~ P (@)

e Want a model that can draw samples:  ~ Pmodel ()

e Want pmodel(m) = pdata(w)

-w Wi 7 i w

— ——— r——

vl Il vl -d

:I&T:@;C:Iu.

6 C‘:" a; 51" g‘ (Images from

W @ r',..g > h—l 1" , Toronto Face
— Database)




Generative Adversarial Network

D tries to D tries to
[ / \ output 1 output 0
Differentiable Differentiable
function D function D
x sampled
from data

(“Generative '

‘ . O O

x sampled
from model

Differentiable
function G

) - 00
Input noise w

Adversarial Networks”,

Goodfellow et al 2014)




LAPGAN/DCGAN




DCGANDAY MIERTE

Man wearing

glasses

Woman wearing glasses



MXNET: FLEXIBLE DEEP LEARNING
FRAMEWORK FROM DISTRIBUTED GPU
CLUSTERS TO EMBEDDED SYSTEMS

Mu Li Ph.D. Student, Carnegie Mellon University
Tiangi Chen Ph.D. Student, University of Washington



MXNet : HEIGPUISAI—DSHAHYATAET
™ Flexibility  + Efficiency & Portability

5 ”ﬂ\@




MXNet : DBYGPUI T AT —DSHIAH S AT LAFET
[ Flexublllty ! Efﬁcnency & Portability

Mlxed Programming API

Auto Parallel Schedullng

Distributed Computi'ng

Language Supports
Memory Optimization

Runs Everywhere




SWOIR JI0OV53>% API

Computational Graph
of the Deep Architecture

forward backword
=)
(>0
O<{)

Needs heavy optimization,
fits declarative programs

Updates and Interactions
with the graph

+ Parameter update
+ Beam search
+ Feature extraction ...

w=w -n of(w)

Needs mutation and more
language native features, good for
imperative programs



MXNet : 15 DREH BIEE

Imperative
NDArray API

Declarative
Symbolic Executor

>>> import mxnet as mx
mx.nd.zeros((100, 50))
>>> a.shape

(1e0L, 50L)

mx.nd.ones((100, 50))
a+b

>>> a =

>»> b
>> C
>»> b +=

C

>>> import mxnet as mx

>>> net
>>> net
>>> net

mx.symbol.Variable('data’)
mx.symbol.FullyConnected(data=net, num_hidden=128)
mx.symbol.SoftmaxOutput(data=net)

>>> type(net)

<class
>>> texe

C

‘mxnet.symbol.Symbol’ >

= net.simple_bind(data=data_shape)



B&I)\SUINATS1-UY)

Write serial programs Run in parallel
>>> import mxnet as mx | A=2
>>> A = mx.nd.ones((2,2)) *2 ™ |
>»> C =A + 2 C=A+2 B=A+1 |
>»> B =A + 1 | e — ,
>>>D =B * ( \\ z//

D=BxC |
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Read a data partition
Pull the parameters
Compute the gradient
Push the gradient
Update the weight

Vi Wwhn =

’

\

~N

/

y

ENIES
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AEAVEI-T1V)  BE
% create executor for each GPU
execs = [symbol.bind(mx.gpu(i)) for i in range(ngpu)]
% w -= learning _rate * grad
kvstore.set updater(..)
% iterating on data
for dbatch in train_iter:
% iterating on GPUs
for 1 in range(ngpu):
% read a data partition
copy data slice(dbatch, execs[i])
% pull the parameters
for key in update keys:
kvstore.pull(key, execs[i].weight _array[key])
% compute the gradient
execs[i].forward(is_train=True)
execs[i].backward()
% push the gradient
for key in update_keys:
kvstore.push(key, execs[i].grad_array[key])



DAV E1I-FT12Y : 'Eﬂa’f*%

+ IMJAGENET with 1.2m images and
1,000 classes

+ 4 x Nvidia GTX 980
+ Google Inception Network

Time for one epoch:

3.7x

hour
O o N W b
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multiple
server machines

push and pull
over network

multiple
worker machines
\ ’ read over network

Store data in
examples a distributed filesystem

o code change
comparing to
ingle machine
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+ ImageNet with 1.2m images and
1,000 classes

+ AWS EC2 GPU instance, 4 GPUs per
machine

+ Google Inception Network

Time for one epoch

4
S
2 2 9.8x
0
1 10

num of machines

— g y 2\
7127 : EBEFEE
validation accuracy versus epoch

0.7 < single machine
> 10 machines |

0.525 A

multiple machines
converge faster

0.35

accuracy

0.175 ©

single machine
converges faster

1 3 5§ 7 9 12 14 16 18 20

epoch



R julia 4 s Go

frontend

backend

single implementation
of backend system and
common operators

performance guarantee
regardless which frontend
language is used

C



MinPy : MXNet Numpy \wor—3%

ﬁ NumPy is the de facto scientific computing package in Python
Great flexibility (500+ operators) but CPU-only

+ Native Numpy Integration

I8

>>> import numpy as np > >>> import minpy as np

+ Transparent CPU and GPU co-execution

>»> X = np.zeros((10, 20)) # call GPU function
>>> y = np.sort(x) # call CPU function; copy GPU->CPU
>>> z = np.log(y) # call GPU function; copy CPU->GPU
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Training Prediction

B baseline B mxnet B baseline | mxnet
9 9

6.75 6.75

2.25

0
alexnet inception vgg alexnet inception vgg

4x

2.25

memory (GB)
NS
()
memory (GB)
S
(g

3.2x 4.4x




SEREFEE
Beyond A ‘ =-
Amalgamation e

+ Fit the core library with all
dependencies into a single C++

source file
e #) ’
+ Easy to compileon 11 &

BlindTool by Joseph Paul Cohen, demo on Nexus 4

Runs in browser
with Javascript

MXNetJS: Deep Learning
Classification on Browser

http//g-ecx.images-amé Image URL Classify the image

start... prediction... this can take a while

finished prediction...
Top-1: n02088364 beagle, value=0.7355721582003137, time-cost=0.927secs



TRAINING MY CAR TO SEE: USING VIRTUAL
WORLDS

Antonio M. Lopez Principal Investigator & Associate Professor, Computer
Vision Center & Universitat Autonoma de Barcelona
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" VIRTUAL-WORLD LEARNING |

I Acquisition of Virtual Video Sequences Generation of Training Sets
Realistic al Vsl Car
World

Candidate
selection




BEERM T DD DIRIEHF

Semantic Segmentation Depth Map

Q unity
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DEEP COMPRESSION AND EIE: DEEP NEURAL
NETWORK MODEL COMPRESSION AND
EFFICIENT INFERENCE ENGINE

Song Han PhD student, Stanford University



SRR

**  App developers suffers from the model size

A

ro— i}
This item is over 100MB.

Microsoft Excel will not download
until you connect to Wi-Fi.

Cancel OK

“At Baidu, our #1 motivation for compressing networks is to bring down the size of the binary file.
As a mobile-first company, we frequently update various apps via different app stores. We've very
sensitive to the size of our binary files, and a feature that increases the binary size by 100MB
will receive much more scrutiny than one that increases it by 10MB.” —Andrew Ng



Deep Compression

Smaller Size Accuracy Speedup

Compress Mobile App no loss of accuracy make inference faster

Size by 35x-50x Improved accuracy




Deep Compression

AlexNet: 35x, 240MB => 6.9MB => 0.47MB (510x)

VGG16: 49%, 552MB => 11.3MB
* With no loss of accuracy on ImageNet12

* Weights fits on-chip SRAM, taking 120x less energy than DRAM



Pruning

before pruning after pruning

pruning
synapses

- —

pruning
neurons

-—n




Pruning : B=

Age Number of Connections Stage
at birth newly formed

1 yearold [T000 Trillion.

10 year old | 500 Trillion

Table 1: The synapses pruning mechanism in human brain development

peak

pruned and stabilized



Pruninglc & 31 ZE{L

' ™
Train Connectivity
L J
7
' ™

Prune Connections

L -
7
¢ ™
Train Weights

Accuracy Loss

0.9%

0.0%
-0.5%
-1.0%
-1.9%
-2.0%
-2.9%
-3.0%
-3.9%
-4.0%
-4.5%

40%

-O-| 2 regularization w/o retrain
L1 regularization w/ retrain
—®- 2 regularization w/ iterative prune and retrain

=4-L1 regularization w/o retrain
L2 regularization w/ retrain

-
- -

- e -
-

50% 60% 0% 809%

Parametes Pruned Away

90%

100%



AlexNet & ConvNet

B Remaining Parameters B Pruned Parameters
100%
75%
50%
25%
0%
d,s"‘ d_.,sf" ¢ ¢
B Remaining Parameters B Pruned Parameters
100%
75%
50%
25%
e v v o A
N N
oo““vcp v&“‘ &‘* & oéb/ 6‘ <“ o‘*‘ & &@/&@@/&(g,/ e



Natural Talk&LSTM

*  Pruning away 90% parameters in NeuralTalk doesn’t hurt BLUE score with proper retraining

BLEU 3

“straw”

“hat” END

& O

" Won
Whn '
i

I"/h T

O O

START “straw” “hat”

25( = . i _
20 K
15
-—8— no retrain
10
= = = pretrained
—&— retrain
5 "
50 60 70 80 90 95

Pruned Weights (%)

19— Ng
-
o
‘.‘.‘
o 10
-—8— no retrain
sl =~ - pretrained
—&— retrain
50 60 70 80 90
Pruned Weights (%))

95



Natural Talk&LSTM

» Original: a basketball player in a white uniform 1s playing
with a ball

* Pruned 90%: a basketball player in a white uniform 1s
playing with a basketball

« Original : a brown dog 1s running through a grassy field
* Pruned 90%: a brown dog 1s running through a grassy area

» Original : a soccer player in red 1s running 1n the field

Pruned 95%: a man 1n a red shirt and black and white black
shirt 1s running through a field
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