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, Deep belief networks for phone recognition—X 1, REZFZIHNHEIRE: 23.0%

525, AEGMMTEEMNEIRER:
 Maximum Likelihood Training (MLT): 25.6%,
« Sequence-Discriminative Training (SDT): 21.7%

| 835 (Word) iR%I

20114, Context-Dependent Pre-Trained Deep Neural Networks for Large-Vocabulary Speech
Recognition—X ™, RAEFINEIRZ: 30.4%

52Zt%, AEIGMMAEHEMNEIRER:
 Maximum Likelihood Training (MLT): 39.6%,
« Sequence-Discriminative Training (SDT): 36.2%
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2014 5 E#H HAETFRNNAJYDeepSpeech 1989 2011
FE7380/\IJ1EE LENAEE=ERE L1075/ REGE
) Dataset Type Hours Speakers
he ™ ((( WSJ read 30 280

Switchboard conversational 300 4000
Fisher conversational 2000 23000
Baidu read 5000 9600
Model SWB CH Full
Vesely et al. (GMM-HMM BMMI) [43) 186 330 258
Vesely et al. (DNN-HMM sMBR) [43) 126 241 184
Maas et al. (DNN-HMM SWB) 146 263 205
Maas et al. (DNN-HMM FSH) [28] 160 237 199
Seide et al. (CD-DNN) [39] 16,1 nfa n/a
Kingsbury et al. (DNN-HMM sMBR HF) 13.3 n/a n/a
Sainath et al. (CNN-HMM) [36) 1.5 n/a n/a
DeepSpeech SWB 200 318 259

DeepSpeech SWB + FSH 13.1 199 165
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IMAGEN E TAMEMRIRBIHES (ILSVRC 2014)

MIRIRBIINE, 15ME S, 22K

2R BT ] Top-5 Error
AlexNet 20124 15.3%
OverFeat (New York University) 20134 13.8%
VGG Net (Oxford) 20145 7.3%
GooglLeNet (Google) 20144 6.6%
AE %
Microsoft 20158E2H6 4.94%
Google 2015%F2H 11 4.82%
Microsoft 2015812810 3.57%
Google 2015412 811 3.58%

Google 2016F2H23 3.08%
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LFW (5749 A, 13233tk ARCEE )

2R Top-1 Accuracy
BRARIE / ~96%
DeepFace (Facebook) 20144 97.35%
AZ s
GaussianFace (FEFRNXKZF) 20144 98.52%
DeepID3 (FEFNAKF) 201552 F 99.53%
Facenet (Google) 20156 F 99.63%
FEILE 2015 10F 99.65%
BHEIDL 2015 10F 99.77%

Youtube Face DB (8M“ ™A, 200Mak A BEZEE )
FaceNet (Google) 1RBIZFEA[1X95.12% (2015%
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| X¥E (Attention)
Yoshua BengioZ]fA, 20164

bird flying over body water

"*ar

A little girl sitting on a bed with A group 0' EGOE“? sitting on a boat A giraffe standing In a forest with A woman is throwing a frisbee in a park.
a teddy bear, in the water, trees in the background,




) “EISIRS R

| BEEGNSE. R7| g
38

I -EEEFEE
< uzm CEETEE



EEIKIR A LAY F

| EfgsER

The giratie behund the The guraffe with its back
to the camera

The giratie on the nght. A zebra.

zebra that 1s lpoking up.

A skier with a black helmet, hight
blue and black jacket, backpack., The man i black The man mn red. The skis
and hight grey pagts standing.

Guy with dark short hawr A woman with curly hau VTl wioiai th-white The controller i the
i a whate shut. plaving W, woman's hand.
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Cong ZhangZ A, 2016

Method Scene 1 | Scene 2 | Scene 3 Scene 4 | Scene S | Average

LBP+RR 3.6 58.9 37.1 21.8 234 31.0
Crowd CNN 10.0 154 15.3 25.6 4.1 14.1
Fine-tuned Crowd CNN | 9.8 14.1 143 22.2 3.7 129
Luca Fiaschi et al. [7] 2.2 87.3 22.2 164 54 26.7
Ke et al. |6] 2.1 55.9 0.6 11.3 34 16.5
Crowd CNN+RR 2.0 29.5 9.7 9.3 3.1 10.7

——————— -
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I Word ZVQCH’]LH'J' H:'II I Country and Capital Vectors Projected by PCA

China
181BIRA 1S T BN OERn i Beijing
THENEAEYESSITE (R%EE) ’j:ss‘*
\" pan
REFIIEF T EENHIA ‘ Moscow
WA ITE, Turkey: Ankara ~Tokyo
&1t 0.674172 05
Nz FE 0.614087 FOMG
SN 0.611133 Germany
TRRE 0.607891 < Berlin
= ans
EE R} PR ER 0.600370
N Greece . Athens
=N 0.597519 Spain Rome
BHF= 0.591316
e 0.577239 -1.5 | Portugal kel
TiEZ 0.572856
/W =5 | | l | | |
fnf FEF 0.570087 P p Py i% ; T
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I he i Bne of reading e nith chapter of Harry Fomrer for abost 45 mumutes 1n total

I URRERRRRRRRIN,

H] he pulled his broomstlckm up d little to [[[ ~
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Model
Random
BoW(tf-1df)
AveEmbedding
RNN _hidden
LSTM _hidden

LSTM_memory

| Cosine Dist.

-0.128
0.184
0.634

0.016
0.224
0.724

Similarity

0.436
(0.592
0.817
0.508
0.612
0.862
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2009 EDARPAEEFIEE X T RAEFIINIRE, 2010F KB EBIEKIN

2012F R BIDEFTINE (Deep Exploration and 2015FEFBITRACEINH (Target Recognition and
Filtering of Text) , XB=XABIEHRITDH Adaptlon in Contested Environments ) , XE{&HHY
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EZfhE FAIENBUEETESELI, WFeifei LIBFEENMRERELE (Visual Genome)
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Gorlllas Graduation
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Chap 7 - * Recap

* Regularization

N eu ral N etwo rk » Batch Normalization
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Back-Propagation

- Back-propagation is “just the chain rule” of calculus

dz dzdy

— = —— 6.44
dr  dydx ( )

oy !
Vez = e Vyz, (6.46)

- But it’s a particular implementation of the chain rule

-+ Uses dynamic programming (table filling)
+ Avoids recomputing repeated subexpressions

- Speed vs memory tradeoff

(Goodfellow 2017)



Simple Back-Prop Example

Compute loss

Compute derivatives

Back-prop
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Computation Graphs
()

Multiplication

(c)

Figure 6.8

(b)

dot sqr|
o)oje

(d)

Logistic regression

Linear regression
and weight decay



Repeated Subexpressions

/ 0z
- (6.50)
0z 0y Ox
f ~ Oy O Ow (6-51)
=f'(y) f'(x) f'(w) (6.52)
=1 (F(F @) (F(w)f () (653

Back-prop avoids computing this twice
Figure 6.9



Regularization
for Deep
Learning




Definition of Regularization

Optional subtitle

‘Regularization is any modification we make to a learning algorithm that
IS Intended to reduce Iits generalization error but not its training error.”

Gl x #0221
T School of Dala Scieuce




1o avold overfitting, and improve generalization performance

Optional subtitle

Data
Batch Augmentation
N ot Early
ormalization Stopping
Weight Dropout

ecay Regularization

QBN
éC(—" - 4 4% -
Seh A s 8 %
5/ School of Dala Science




Some Observations of Deep Nets

> # of parameters >> # of data, hence easy to fit data
i » Without regularization, deep nets also have benign generalization

» For random label or random feature, deep nets converge with O
training error but without any generalization

S
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Weight Decay as Constrained Optimization

- L1: Encourages sparsity, equivalent to MAP

‘ @ Bayesian estimation with Laplace prior

, ey - Squared L2: Encourages small weights,
XN P — \w
> \ \ equivalent to MAP Bayesian estimation with
Ve ~~ \
/ P I A ‘ Gaussian prior
\ \ / /
/
NS s ! Oviap = argmax p(0 | ) = argmaxlogp(x | 0) + log p(0).
~ 7 / 0 0

W1

Figure 7.1
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Dataset Augmentation

Optional subtitle

Afline , Elastic
Noise

Distortion Deformation

o .
. -
- K, -

\\ 0. o o X

Horizontal Randon
OI‘lZ.Oﬂ ° an or.n Hue Shift
flip Iranslation

S Lo gt T

Goodfellow 2016 p—
( | @ rrnrn
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Adversarial Examples

Optional subtitle

- .
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T +
esign(V,J(0,x,y))
“oibbon”
w/ B7.7% w/ 8.2% w/ 99.3 %
confidence confidence confidence

€T Sigl'l(vm J(ev £, y))

7 Y

y ="panda’ “nematode’

Figure 7.8

Training on adversarial examples is mostly intended to improve security, but can
sometimes provide generic regularization.
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ADVERSARIAL MANIPULATION OF DEEP REPRESENTATIONS

- = et ; T < ;
Source Guide IFC7 5 =5 N I2° 5=10 Aq 155 6=15 Ag

Figure 1. Each row shows examples of adversarial images, optimized using different layers of Cal-
fenet (FC7, P5, and C3), and different values of 6 = (5, 10, 15). Beside each adversarial image is
the difference between its corresponding source image.,

Let I, and I, denote the source and guide 1mages. Let ¢, be the mapping from an image to its
internal DNN representation at layer £, Our goal is to find a new image, /.., such that the Euclidian
distance between ¢, (1) and ¢y (1) is as small as possible, while 7, remains close to the source I.
More precisely, 1, 1s defined to be the solution to a constrained optimization problem:

Io = argmin || ¢ (1) — éi(Ig) Il (1)
subject to || — I||oo < 0O (2)

(David Fleet’s Group, ICLR 2016)

Fudan-SDS Confidential - Do Not Distribute
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| earning Curves

Optional subtitle
Farly stopping: terminate while validation set
performance is better

0.20

o—e ‘Training set loss

0.15 —  Validation set loss

r-likelihood)

O
O

Why it works?
Refer to “Deep

Learning” book, Chap
/.8.

0.10

negative lo

0.05

Loss (

0.00
0 310 100 150 200 250

Time (epochs)

Figure 7.3

(Goodfellow 2016)

School of Dala Science
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Bagging

Optional subtitle

Original dataset

First resampled dataset ['irst_ensemble member

Second resampled dataset Second ensemble member

Figure 7.5

o (Goodfellow 2016)
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B at C h “Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
N lization

Covariate Shift,” loffe and Szegedy 2015
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Batch Normalization
7Z =XW

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015



Before SGD step

Input Hidden Layer 1 Hidden Layer 4
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After SGD step

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015



0.8

— = = Inception
----- BN-Baseline
------- BN—-x5
BN-x30
-+ BN-x5-Sigmoid
¢ Steps to match Inception

15M 20M 25M 30M

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015



