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Our business model in a nutshell -

Mega Data Data Mining Monetization

Turn data into value via technology




Search engine and machine learning

@ _i_> Search

|. Query understanding
2. Search ranking

3. CTR estimation




Search is evolving ailiimm
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Future Search

Mobile Search

- Natural human-computer interface
- Semantic understanding of contents



9 technology challenges from Baidu seitias
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On Aug 13,2012, CEO Robin Li gave a keynote speech at ACM KDD,
and proposed 9 major technology challenges to the academic research
community. The first 3 are:

|. OCR in natural images
2. Speech recognition and understanding
3. Content-based image retrieval (visual search)



Visual sensing by mobile phones Baititam




Visual sensing by mobile phones Baititam




A global race on speech recognition -




Gartner Emerging Tech Hype Cycle 2013 ailiimm

expectations
A

Natural-Language Question Answering
Internet of Thing
Speech-to-Speech Transia n-Memory Database Management Systems
Mobile Robots
3D Scanners
Neurobusiness
Biochips
Autonomous Vehides

Augmented Reality A
achine-to-Machine Communication Senices '! adictive Analytics

Mobile Health Monitoring
NFC

esh Networks: Sensor

Prescriptive Analytics

Affective Computing

Electrovibration

Volumetric and Holographic Displag

Human Augmentation
Brain-Computer interface
3D Bioprinting

Location Intelligence
Consumer Telematics

Quantum Computing £

In-Memory Analytics
Virtual Reality
Bioacoustic Sensing A

| As of July 2013
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time e
Plateau will be reached in: obsolete

Olessthan 2years ©2toSyears @5to10years A morethan 10years @ before plateau
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Machine Learning
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Given observations (X, Y;),i=1, ..., n
Learn a predictive function f(X)
Generalization error E[ L( f(X),Y ) ]

Empirical loss 2 L(f(X), Y;)/n




What can machine Iearning be used for s
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Generalization error decomposition -

E[L(fX),Y)]=A+E

* Approximation error — model class

e Estimation error — data size

6/18/14 13



Generalization error decomposition

00
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E[L(fX),Y)]=A+E+O

* Approximation error — model class
* Estimation error — data size

* Optimization error — algorithm

6/18/14 14



Generalization error decomposition -

E[L(fX),Y)]=A+E+O

* Approximation error — model class: use complex model
* Estimation error — data size : collect big data

* Optimization error — algorithm : design optimization algorithm

6/18/14 15



Generalization error decomposition -

E[L(fX),Y)]=A+E+O

* Approximation error — model class: use complex model
* Estimation error — data size : collect big data

* Optimization error — algorithm : design an OK algorithm

6/18/14 16



Why do we need complex models sailiss
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Observed underfitting on speech data

Large-scale distributed deep networks, Jeff Dean et al, NIPS 12
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Deep Learning Since 2006
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6/18/14

504

materials are identical for all configurations. The
blue bars in Fig. 1 summarize the measured SHG
signals. For excitation of the LC resonance in Fig.
1A (horizontal incident polarization), we find
an SHG signal that is 500 times above the noise
level. As expected for SHG, this signal closely
scales with the square of the incident power
(Fig. 2A). The polarization of the SHG emission
is nearly vertical (Fig. 2B). The small angle with
respect to the vertical is due to deviations from
perfect mirror symmetry of the SRRs (see
electron micrographs in Fig. 1). Small detuning
of the LC resonance toward smaller wavelength
(ie, to 1.3-um wavelength) reduces the SHG
signal strength from 100% to 20%. For ex-
citation of the Mie resonance with vertical
incident polarization in Fig. 1D, we find a small
signal just above the noise level. For excitation
of the Mie resonance with horizontal incident
polarization in Fig. 1C, a small but significant
SHG emission is found, which is again po-

Reducing the Dimensionality of
Data with Neural Networks

G. E. Hinton™ and R. R. Salakhutdinov

High-dimensional data can be converted to low-dimensional codes by training a multilayer neural
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent
can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than principal components analysis as a tool to reduce the dimensionality of data.

imensionality reduction facilitates the
classification, visualization, communi-
cation, and storage of high-dimensional
data. A simple and widely used method is
principal components analysis (PCA), which

finds the directions of greatest variance in the
data set and represents each data point by its
coordinates along each of these directions. We
describe a nonlinear generalization of PCA that
uses an adaptive, multilayer “encoder” network

28 JULY 2006 VOL 313 SCIENCE www.sciencemag.org

19
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Top breakthrough technology 201 3

T HOME MENU ~ CONNECT THELATEST POPULAR  MOST SHARED 1
]U BREAKTHRUUGH Introduction The 10 Technologies Past Years
THI'I‘
=2 TECHNOLOGIES 2013
Deep Learning Temporary Social Prenatal DNA Additive Baxter: The Blue-
Media Sequencing Manufacturing Collar Robot
Reading the DNA of
With massive amounts fetuses will be the Rodney Brooks's
of computational next frontier of the Skeptical about 3-D newest creation is
power, machines can Messages that quickly genomic revolution. printing? GE, the easy to interact with,

now recognize objects self-destruct could But do you really want world's largest but the complex
and translate speech enhance the privacy of to know about the manufacturer, is on innovations behind the
in real time. Artificial online communications genetic problems or the verge of using the robot show just how
intelligence is finally and make people freer musical aptitude of technology to make jet hard it is to get along
getting smart. > to be spontaneous. your unborn child? parts. > with people. >
Memory Implants Smart Watches Ultra-Efficient Solar Big Data from Supergrids

Power Cheap Phones

MIT Technology Review, April 2374,2013



Revolution on Speech Recognition
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Deep Learning in Industry saitiem

Scientists See Promise in Deep-Learning Programs

MIC"OSOﬂ' / / |

A voice recognition proe nslated a speecl

e @lje Netw ﬁork Bimes



Facebook announced its Al Lab in 2013 Bt

MIT

EC"!"OIOQV What will it take to unlock the next explosion of innovation?
vView v
evie Download the full report now \ /////,,

Business Reports

COMPUTING NEWS B 23 COMMENTS

Facebook LLaunches Advanced Al
Effort to Find Meaning in Your Posts

A technique called deep learning gould help Facebook under
their data better.

By Tom Simonite on September 20, 2013




Baidu’s commitment to research -

B Jan. 2013, announced to build its research lab
B |nstitute of Deep Learning (IDL)

B The focus is Artificial Intelligence




All Machine Learning Models in One Page saitiimm
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Shallow Models Deep Models

6/18/14 26



Shallow Models Since Late 80’s sailiime

Neural Networks
* Boosting
* SupportVector Machines

* Maximum Entropy

f?

Give@ fea&@aw to do classification?

6/18/14 27




Since 2000 — Learning Hidden Structures ===

* Kernel Learning

* Transfer Learning =

* Semi-supervised Learning =3

* Manifold Learning A

* Matrix Factorization 4 P

— PCA, ICA, Topic Model, ...

* Sparse Learning This structure seems to
be very universal

6/18/14 28



The pipeline of machine visual perception s

Most Efforts in
Machine Learning

Low-level Pre- Feature Feature
» processing = extract. = selection

* Most critical for accuracy

* Account for most of the computation for testing
* Most time-consuming in development cycle

* Often hand-craft in practice

6/18/14 29



Computer vision features saitimm
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Slide Courtesy: Andrew Ng



Deep Learning: learning features from data s

Machine Learning

Low-level Pre- Feature Feature HieTence:
o s B, pd i, P

Feature Learning

6/18/14 31



Deep learning vs. the brain st

object models

Area 4" ®@'® ® @ uklighenlevel visual
abstractions

object parts Area \/2 » ®' Primitive shape
. . detectors

(combination

of edges)

Area V1 Edge detectors

o
edges Retina &*(j pixels

7

Slide credit: Andrew Ng 32



Intelligent search powered by DL sailiss
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Progress of DL at Baidu -

* July 2012, get started

* Nov. 2012, big improvements on speech, ocr, face, ...

* By 2012 end, 5 DL-based products got online



Progress of Deep Learning at Baidu -

* Big improvement on speech & image recognition
— Speech: error rate reduced by 25%
— OCR: error rate reduced by 30%

— Image: the best image similarity search system

¢ Online Ads: DNN CTR for search ads was launched in May 20" 2013, serving
billions of search queries everyday — substantial improvement

*  Web Search: A DNN semantic model was launched in Dec 2013, which led to
the biggest improvement of our search ranking quality.



A deep model for image recognition st

Input Image X

. - ]
2 g \. \- »
AV
kS o

Coding Pooling Coding Pooling Fully connected
-

—
Feature Extraction ®(x)

6/18/14 36



A DL model for query-doc relevance -

Ranking loss Relevance
preference

Relevance score

Deep neural network NN NN

Query and doc N e

representation % Poolin Poolin§ Poolin:§|

Embedding table ﬁﬁa_ﬁgh

Input Query Doc1 Query Doc2



Deep Learning for CTR
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1st generation: shallow models,
100 billion ID features, 100 billion

training samples
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2"d generation: deep models,
features reduced to hundreds dim.,



Typical scale of training data at Baidu -

* Image recognition: 100 millions
OCR: 100 millions

* Speech: 10 billions

CTR: 100 billions

We expect the training data will grow X10 each year

6/18/14 39



PADDLE Platform
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e Use GPUs and CPUs

* Data parallelization.

* Model can be parallelized as well

e Use Parameter Server to coordinate

PServerl I

PServer2

Controller

DNN1

DNN2

PServer3

PServerd

DNN3

DNN4




PADDLE: flexible model structures -

A A
Layer [T Layer

PADDLE-Speech PADDLE-CTR PADDLE-LTR



An accelerated SGD algorithm
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Error rate

0.

75

SGD ——+—
ASGD

S5X speedup

>GD

I o o N

Accelerated SGD




Speech recognition in many products
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Recognition accuracy for voice search
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Accuracy 2G Network Response Time
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¥ Baidu 6.5
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l | | | |

¥ Competitor

I | 5 |
Quiet Noisy

For mobile search, the proportion of voice queries
has grown to 10 % in the end of 2012.



Baidu map voice search
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Baidu mobile voice typing -
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Baidu Top Award 20 I 3 sl

For building the best industrial mandarin speech recognition system.



OCR in natural photos
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OCR in natural photos

.00
BaiWEE

it B 3%

FIEEAXRMN
10 93%
& RN/ IRTE
14 <
& /IR TE
21 R

AmdE

[ =
2

6
AEm_
=i=|§1§”\iﬁ:aas
#Z;ih¥FEm
-5
Z;hFm

)
e b M 6%

Z@iA: 6: 00-20: W




OCR in natural photos sailiss
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OCR in natural photos sailis
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Face grouping in online albums saitiem
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Baidu Photo Wonder (A
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Baidu Photo VWonder -
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Baidu Photo VWonder
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Baidu Photo VWonder
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Baidu Photo VWonder -
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Baidu Photo VWonder -
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Great-China EFFIE Gold Award 2013 sailiime




Visual Search -
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Baidu Visual Search -
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Baidu Visual Search saitiam
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Baidu Visual Search saitiam
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Baidu Visual Search saitam
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Poem composition based on photos ol
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Baidu Object Translation
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Baidu Object Translation
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Baidu Object Translation sl
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Baidu Object Translation seitias
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Deep learning: why today? saitize

* Non-convex & non-linear
* Intensive computation

* Sensitive to initialization

* Over-fitting

* Vanishing gradient




Deep learning: why today? saitize

* Non-convex & non-linear
* Intensive computation

* Sensitive to initialization

* Over-fitting

* Vanishing gradient

— Big data

— GPU

— Large scale parallel computation

— Layer-wise pre-training

— RELU, drop-out, better normalization, etc.




Datasets
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Datasets Baiies
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Datasets
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Datasets Baitiime
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Datasets -
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Datasets
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Datasets -

ImageNet
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More neurons vs. more connections
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Human Brain Baitiimm

| .5kg, 2% of body weight, but consume 20% energy
100 billion neurons

* Each neuron has 5000 synapses Area Ve @70 siiHlighenlevel visual
. bstracti
* firing rate: 200 per second VAR
* Computation capacity: AreaV2 %o Vi Ay
elecliors
— 107 11*5000%200=10717=100 petaflops
B ZOVV’ 5petaf|ops/w Area V1 Edge detectors
« The most powerful supercomputer(XK i —5) Retina J)(j pixels
/

— 33.86 petaflops
— 18*1076w, 2.14Gflops/w
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We continue to progress on saitiee

- Large-scale parallel training

- Modeling structured,unstructured, multimodality data
- New computing hardware for deep learning

- High-performance computing

- Neural science, ...

We make things ©

happen amazingly

Learn More




Clarification: Deep Learning is NOT Blackbox s

* DL is a language, just like graphical models

* Prior knowledge: in model structure, not feature engineering
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Clarification: Deep Learning is NOT Al saitiee

* Deep learning might be our current best shot towards Al

* Al is our ultimate goal
* What’s inside Al?

Knowledge

A HIA

Problem Solving Creativity
fiZ R (0] & BER
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Technology portfolio at Baidu IDL st

o Deep Learning
indexing icti
Web —> \ Platform: PADDLE/
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Technology portfolio at Baidu IDL st

Deep Learning
Platform: PADDLE

indexing

prediction,
knowledge

decision

Web —>

human
Human ——> computer <>
interaction

robotics,
autonomous
systems

l

virtual &
physical
rendering

Physical S mozgnng 'T
world high-performance
computation

sensing —> thinking —> decision, action, creation



Summary -

* Deep Learning made big success at Baidu
* New paradigm of Al: big data + complex models

* Computation capacity enables many things to happen



We are hiring (Beijing & Silicon Valley)... e

- Machine Learning - Robotics
- Big Data Analytics - Computer Vision
- Human-Computer Interaction - 3D Vision

W idl_job@baidu.com
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