al Neural Networks

hanxing.zhu@pku.edu.cn
eking University (1E 2 K 5)




rid topology

computer vision
age classification, 2D grid

not practical for images

pixels: parameter explosion
*1000, O(1,000,000) first layer

N
tions; parameter sharing: equivariant to translation



re simply neural networks that use
general matrix multiplication in at



Input

Kernel

Output
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X a2
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g3 52
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8y 8.2
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22 S]
+ +
58 S
+ + + +
3 g2

Z Zl(z’ +m,j+n)K(m,n).

S(i,4) = (I * K)(i, j)

Cross-correlation



detects exactly the

Every hidden units
In the first layer
same feature.




Fewer parameters

ction

@
/ 1

OO0







ranslation

ardless of position.

1




Input feature map: X € RMxNxC

Convolutional kernel: K € RS*rxrx¢,
s-th output feature map:

C
Fs(la./) = Z sz(ma n, C)KS(l - m)j —n, C)
c=1 m n



Single depth slice
JI1l1[2]4
max pool with 2x2 filters
5|6 |7 |8 andstide2
3 | 2 NG
1| 2 FSNS
y >

Variants

1. Max pooling. y = max{xy, -+, Xp}.
2. Average pooling. y = mean{xy,- -, xp}
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opagation and SGD.



Proposed in “Gradient-based learning applied to document

recognition”, by Yann LeCun, Leon Bottou, Yoshua Bengio and
Patrick Haffner, in Proceedings of the IEEE, 1998

» Apply convolution on 2D images (MNIST) and use
back-propagation.

» Structure: 2 convolutional layers (with pooling) + 3 fully
connected layers.

» Input size: 32 x 32 x 1
» Convolutional kernel size: 5 x 5
» Pooling: 2 x 2



C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
S2:f. rrTe '
6@14x1

INPUT 6@28%28

' I
me I Gaussian connections
Subsampling Convolutions  Subsampling

Figure from Gradient-based learning applied to document recognition,
by Y. LeCun, L. Bottou, Y. Bengio and P. Haffner



ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca 1ilya@cs.utoronto.ca hinton@cs.utoronto.ca

Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists

ageNet classification with deep convolutional neural networks.” NIPS 2012.



1. First ever big CNN and really effective

2. Training with GPU

3. RelU activation

4. Dropout

5. SGD with momentum

Data augmentation

Ow 'wi

%)
Vig1 = O.9-v,-—0.0005-e-wi—e.<_L >

Wiyl = Wi+ Vig

ith deep convolutional neural networks."



maxpool | maxpool | : | maxpool
depth=256 depth=512 depth=512 size=4096

depth=64 depth=128 3x3conv 3x3 conv 3x3 conv FC1

3x3 conv 3x3conv conv3_1 convd_1 conv5_1 FC2

convi1 conv2 1 conv3_2  conv4_2 conv5_2 size=1000
convl 2  conv2 2 conv3_3  conv4_3 convs_3 softmax
conv3_4 convd 4 convS_4

VGG-19

‘Very deep convolutional networks for large-scale image recognition arXiv






Objects with different size might need suitable kernel size.



Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions - A [y
1x1 convolutions 1x1 convolutions 3x3 max pooling
Previous layer
(a) Inception module, naive version (b) Inception module with dimension reductions

es operate on the same level

the inception net during training.
0.3 * aux_loss_1 + 0.3 * aux_loss_2




es the optimization extremely hard!

not suitable for very deep nets.



of CNN: ResNet

ual learning for image recognition.” Proceedings of the IEEE Conference on
Recognition. 2016. CVPR Best Paper




Revolution of Depth

AlexNet, 8 layers % VGG, 19 layers
(ILSVRC 2012) (ILSVRC 2014)

ResNet, 152 layers
(ILSVRC 2015)




mance on image recognition, object
gmentation:-

gning network structure



* Plaint net

anytwo
stacked layers

'

| weight layer I

* Residual net

X

‘ weight layer |

F(x) lrelu

‘ weight layer ‘

identity
X

H(x)=F(x)+x

 |f identity were optimal,
easy to set weightsas 0

* If optimal mappingis closer to identity,
easier to find small fluctuations



Input

Convolution

Batch Norm

Addition

Output




BN

v

RelLU

weight

Y
addition

RelLU
v
X1

+

BN

(a) original

Y
addition
BN

RelLU
v
X741

(b) BN after
addition

RelLU

A
addition

X7

(c) ReLU before
addition

A
addition

X7+

(d) ReLU-only
pre-activation

BN
RelLU

BN

*

RelLU

A
addition

X7+

(e) full pre-activation






CIFAR-10 plain nets

56-layer
44-layer
< 32-layer
= -~ == 20-layer
\‘u.\./\‘.\ .\/'/"\/
“plain-2 \ AR
~ plain-3 TN Bea Vi—e :
= plain-4 R m solid: test

~ plain-3

5 5 s

dashed: train

CIFAR-10 ResNets

P

20-layer
32-layer
44-layer
56-layer
110-layer



Very smooth backpropagation: no vanishing gradient:

L-1
X =x+ ) Fx)
1=l

0E
\ 4 o
L—1
JE  O0E 0x, OE
6x, GxL dx, 0x; o, M tox 0x, L Flx) OE
0x;

xL T l_[ W xl‘\ Multiplicative, easy to

produce very small gradient




of neural networks

fla, B) = L(8” + ad + fBn)

Delta and eta are random directions
Alpha and beta are coefficients.

(a) without skip connections (b) with skip connections

Figure 1: The loss surfaces of ResNet-56 with/without skip connections. The vertical axis is
logarithmic to show dynamic range. The x/y axes depict the same distance scale in both plots.

the loss landscape of neural nets." Advances in
sing Systems. 2018.
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2nd-place margin
winner (relative)

ImageNet Localization (tops error) 12.0 27%

ImageNet Detection mare.s) 53.6 absolute ¢, 4 16%
8.5% better!

COCO Detection mar@.s:95) Sl 7.3 11%

COCO Segmentation mare s.95) 25.1 28.2 12%



ResNets have
shown outstandingor
promising results on:

Visual Recognition

Image Generation
(Pixel RNN, Neural Art, etc.)

Natural Language Processing
(Very deep CNN)

Speech Recognition
(preliminary results)

Advertising, user prediction
(preliminary results)
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et and beyond

Yj1 =Y, +hF(Y},6))

Y —Y
h

Y(t)=F(Y(1),0(1)), Y(0)= Yo, for0<¢ < T

L —F(Y;,0;)

y differential equation (ODE)

rning via dynamical systems." Communications in Mathematics and



Residual Network ODE Network
b=

e neural network

t,6)

output

-5 0 5
Input/Hidden/Output Input/Hidden/Output

Figure 1: Left: A Residual network defines a
discrete sequence of finite transformations.
Right: A ODE network defines a vector
field, which continuously transforms the state.
Both: Circles represent evaluation locations.

ordinary differential equations." Advances in neural information



L (ODESOIVC(Z(to), f, to, t1, (9))

2(to) (i) State

i a(ti+1) Adjoint State
L
a(to) o f\A
o A v oL altw)
_4 0z(ti+1)
9z(to) | \_/a‘(ti) A oL
gm

I I I I
to ts tita tn




of an ODE 1nitial value problem

time ¢, stop time ¢y, final state z(¢; ), loss gradient 9L/az(t,)
> Define initial augmented state

1, t, 0): > Define dynamics on augmented state
)T %, —a(t)T %] > Compute vector-Jacobian products
lve(sg, aug_dynamics, ¢y, to, 0) > Solve reverse-time ODE

> Return gradients




Prediction
Dense Block 3

E [
ez

Dense Block 2

e

[  uopnpauon |
7
Buyoo
v

Xy = HE([X(%Xl) RN 7X€—1:|)

/

Multi-scale feature aggregation by concatenation

d convolutional networks. CVPR 2017
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) ResNet-110, no skip connections

(b) DenseNet, 121 layers
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ge, blob detectors.
terpretable only for the first layer.
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ualization

es are placed nearby
N codes are close.

¥4 Maaten, L.v.d. and Hinton, G., 2008. Visualizing data using t-SNE Journal of
i Machine Learning Research, Vol 9(Nov), pp. 2579—2605



| 2D or 3D

X = {X1,X2, s Xp € Rh} — y - {YI,YZ,---,}’n € R’}
in C(X,
m);n (X.))

(= |l xi = x |I* /207)
S i exp(= | xi — xk |2 /207)
. __ Pjlitpi|

o 2n
~ (AHllyi=y At
> okt (LH[ly—wi[[?) 1

 Cost Function:
C = KL(P||Q)
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Posanblantd Pooled Maps
2 4> MaxPooli
ey 1T G—) -
Unpooled Maps Rectified Feature Maps
Rectified Linear AN Rectified Linear
Function W/ Function
Rectified Unpooled Maps Feature Maps
Convolutional 4> Convolutional
Filtering {F'} 7 Filtering {F)
Reconstruction l.m Below Pooled Maps
Unpoollng d ‘ d Pooling
“Swiwba
Unpooled

Maps  Feature Maps

isualizing and understanding convolutional networks." European conference on
Publishing, 2014.
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Convolution Deconvolution

arrell, T. (2015). Fully convolutional networks for semantic segrmentation.



olution approach

Corners & edge/color conjunctions



tion approach

Similar textures






ossible to reconstruct



er Input Image

argmin /(P(x), Pg) + A\R(x)

XxERHXW xC
9 Deep Image Representations by Inverting Them [Mahendran and Vedaldi, 2014]






Qbject recognition & detection

Recognition as a classification problem.
Detection Is more complex.




R-CNN: Regions with CNN features

3] warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions




Outputs: bbox

softmax regressor
) Er————

»

Rol :::1 FC  E3FC
pooling

':—\_ Rol feature
feature map vector

For each Rol

Figure 1. Fast R-CNN architecture. An input image and multi-
ple regions of interest (Rols) are input into a fully convolutional
network. Each Rol is pooled into a fixed-size feature map and
then mapped to a feature vector by fully connected layers (FCs).
The network has two output vectors per Rol: softmax probabilities
and per-class bounding-box regression offsets. The architecture is
trained end-to-end with a multi-task loss.
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Semantic segmentation
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Ing deconvolution network for semantic segmentation. In ICCV, 2015.
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edit to Harish Narayanan.
eon A. et.al. "A neural algorithm of artistic style." arXiv preprint arXiv.1508.06576 (2015).
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lassification

d parameters from ImageNet
Inical iImages, 2,032 diseases
72.1%

Andre Esteva, et al. “Dermatologist-level classification of skin
cancer with deep neural networks.” Nature (2017)



Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757)
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e + ConvNets

e network
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Rollout policy ~ SL policy network RL policy network Value network
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Move probabilities

T e Conv1
iolneiggl 5x5x48x192
G R Stride:1,Pad:2
_::ig HUHIH| oo P 10X10x48  cecrerrenenann > Relu
R Rt
: Conv2-Convi2
3,882,240 parameters!! © 3x3x192x192
Conv13 v Stride:1,Pad:1

Filters: 1x1x192x1

Softmax Stride:1,Pad:0
Relu

A
A

Position




DIression



ks: Training Neural Networks with Low Precision

MLR 2017
bariaux, Daniel Soudry, Ran El-Yaniv, Yoshua Bengio




before pruning after pruning

Train Connectivity

\. / pruning
O synapses

4 R

Prune Connections
~ g - pruning

~ neurons

Train Weights [ —/

and Connections for Efficient Neural Networks
ohn Tran, William J. Dally Advances in Neural Information Processing Systems (NIPS),




Table 1: Network pruning can save 9x to 13 x parameters with no drop in predictive performance.

Network Top-1 Error  Top-5 Error | Parameters ggtr: pression
LeNet-300-100 Ref 1.64% - 267K

LeNet-300-100 Pruned | 1.59% - 22K 12x
LeNet-5 Ref 0.80% - 431K

LeNet-5 Pruned 0.77% - 36K 12x
AlexNet Ref 42.78% 19.73% 61M

AlexNet Pruned 42.77% 19.67% 6.7M 9 x

VGG-16 Ref 31.50% 11.32% 138M

VGG-16 Pruned 31.34% 10.88% 10.3M 13 x




kernel matrix

r Fij_— r

| N1 N2 .

X; Xi+1 Xi+2

Figure 1: Pruning a filter results in removal of its corresponding feature map and related kernels in
the next layer.

anovic, Hanan Samet, and Hans Peter Graf. "Pruning filters for efficient
:1608.08710 (2017).



. For each filter F; ;, calculate the sum of its absolute kernel weights s; = > ", >~ |K].

. Sort the filters by s;.

. Prune m filters with the smallest sum values and their corresponding feature maps. The
kernels in the next convolutional layer corresponding to the pruned feature maps are also
removed.

4. A new kernel matrix 1s created for both the zth and 2 + 1th layers, and the remaining kernel

weights are copied to the new model.

ately performs like Group Lasso



1.0 CIFAR-10, VGG-16 100 CIFAR10, VGG-16, pruned smallest filters g4 CIFAR10, VGG-16, prune smallest filters, retrain 20 epochs
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Ing really work?



Fallure case: the emergence of

adversarial examples

* Deep neural networks are easily fooled by adversarial
examples!

—> P( “panda” ) =57.7%

Uncontrollable Lipschitz constant

||f(:c') — f(z)| < L||a:' — | —p( “gorilla” ) = 99.3% ?! %




- Adversarial Attacks

AllConv

SHIP HORSE DEER
CAR(99.7%) FROG(99.9%) AIRPLANE(85.3%)

HORSE DOG BIRD
DOG(70.7%) CAT(75.5%) FROG(86.5%)
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n et.al 2017, Thys et.al 2019)

Classifier Input Classifier Output

place sticker on table

sug wai orange

Classifier Input Classifier Output

toaster banans  pogy bank  paghett

transformed attacks (Brown et.al 2017)

Benign image x Adversarial image Xgqy

’ - (i
(u(i)'v(n) - (ug’c)iv’vald]v)

NN Flow calculation
RN © [ORTT ) oMY = (P i) o i
\\b\g\_\_:: (u®,v®) = (“m +au®,v +avl ))
e G v) @reed au®
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“adversarial
ster

ucted based on f(x) can also easily fool another
ut any queries

hite-box attack

, f(x) — P( “gibbon” ) =99.3%

ck—boh S[CSM— P( ‘gibbon” ) = 89k

eng Tai. Understanding and Enhancing the Transferability of Adversarial Examples, arXiv-preprint.



Weak Robustness of Current Deep Learning Systems

* Neural networks are fragile, vulnerable, not robust as expected
* A large gap between deep networks and human visual systems

* Serious security Issues arise when deploying Al systems based on

neural networks

* Autonomous vehicles / medical and health domains

m + 0.001x

stop sign teddy bear




mples

@ An optimization problem
maximize J(f(z + n),y™)
s.t.  |nll <e,

» Fast Gradient Sign Method (FGSM, Goodfellow et.al 2015)

" — x + e g(x)
9% (x) = sign (VzJ(f(x); y™))

[oc norm

» |terative Gradient Method

a1 clip® (z* + ag(z"))

xt € (0,255 N {z |||z — || < ¢}

> white-box attacks



amples: adversarial training

e Adversarial training (Q.Q.Qd]‘...e.llg.w et.al 2014, Madry et.al 2017)

0 |<e

min@ax Ep,,.,)J(f(z+n;0),y)]

Generate adv. examples

* Normal training

mein Epemp(:z;) J(f(z;0),y)]



,'h of CNNs



ing and others—aiming to reduce test

L1, L2. Elastic net(L1+L2)

nsemble methods



L1 or L2

/

N
LOW) = = 3 Lilf (@i, W), 3:) + AR(W)
N J J
Y Y

Data loss: Model predictions Regularization: Model
should match training data should be “simple”, so it
works on test data




Training Set Accuragz

Overfitting
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Test Set Accuracy Early Stopping
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>
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Load image
and label



a. No augmentation (= 1 image)

+ flips




Add Noise filter applied




Data augmentation

F

. @.. ‘ ,a. r,» . Q&.‘&Af, r.ﬂ $
a&” LS &
«F «3

* Combination of various operations

* Or be creative!

ek &

o




Dogs vs Goldfish

Augmentation Val. Acc.
None 0.855
Traditional 0.890
GANs 0.865
Neural + No Loss 0.915
Neural + Content Loss 0.900
Neural + Style 0.890
Control 0.840
Table I: Quantitative Results on Dogs vs Goldfish
Dogs vs Cat
Augmentation Val. Acc.
None 0.705
Traditional 0.775
GANs 0.720
Neural + No Loss 0.765
1 23456 7 8 91011121314151617 181920 Neural + Content Loss 0.770
—Test-noaug —Train-noaug —Test-aug ~—Trainaug Neural + Style 0.740
Control 0.710
Figure XI: Accuracy plots “Table TI: Quantitative Results on Dogs vs Cats

Wang J, Perez L. The Effectiveness of Data Augmentation in
Image Classification using Deep Learning[J].



e methods

age them.

Single Model °%4 Snapshot Ensemble
Standard LR Schedule 044 Cyclic LR Schedule

Huang, Gao, et al. "Snapshot ensembles: Train 1, get m for
free." arXiv preprint arXiv:1704.00109 (2017).



schedule

Cifar100, DenseNet-40

10! Cifar10 (L=100,k=24, B=300 epochs) 28
= Standard Ir scheduling .y
—— Cosine annealing with restart Ir 0.1 2R 10 e 'l o B
10° | | | | | .
I T T B £ 24
2 p:
o 10" 7 22
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Forces the network to have a redundant representation;
Prevents co-adaptation of features

has an ear

has a tail ﬂ%

is furry —k——— . cat
_______—— score

has claws _*/
mischievous

look




agging.

Output Input
(label) (image)

ly]=f w2 Somer

y=f(2) = B.[f(z,2)] = [ p()f(z,2)d2




Iffoe & Szegedy, 2015)

original data zero-centered data normalized data

1

| tuning of

et 1) > 3 » s A

Whltenlng (data has diagonal (covariance matrix is the
covariance matrix) identity matrix)



ependently, not jointly.
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tion Into the network to guarantee correct
to affect network’ s capacity. (tradeoff)

y(k) — W(k)f(k) + ﬁ(k)




Input: Values of x over a mini-batch: B = {z;_,,};
Parameters to be learned: ~, 3
Output: {y; = BN, s(z;)}

1 «— .
B — - E T; // mini-batch mean
i=1
l m
0% — Z(a:,- — 1g)? // mini-batch variance
=1
T; Ti —FB // normalize

\/a% + €

Yi < 7Z; + B = BN, g(z;) // scale and shift




Input: Network N with trainable parameters ©;
subset of activations {z*) } |

Output: Batch-normalized network for inference, Nijk

: Niix &< N // Training BN network

2: fork=1...Kdo

3:  Add transformation y*) = BN, u ga (z®)) to

Nin (Alg. 1)

4:  Modify each layer in Nijy with input z(*) to take
y*) instead

end for

6: Train Njy to optimize the parameters
U {7, BW}K

7: Nl « Niy  // Inference BN network with frozen

// parameters
8: fork=1...Kdo

9:  J/ Forclarity, z = 2% v = 10 g = ul® etc.
10:  Process multiple training mini-batches B, each of
size m, and average over them:

E[z] «— Egn [[13]

—

=

Var[z] + -25Eg[og]
11:  In N3, replace the transform y = BN, g(z) with

V= =+ (B~ Fiw)

12: end for
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hnigues for neural networks

Thanks!



