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Background

| . Given an image, why not use a fully connected neural network?

® Number of parameters is overwhelmingly large, easily leading to overfitting
> To overcome this problem, we may require more training data, more memory and faster

computation algorithms
> Almost impossible in practice
® Overlooks the spatial structure

®* Not location (translation) invariant

2 . Consider a new network, convolution neural network, for image processing
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Summary

|. Generally, d[é] increases as [ increases, but dw/ and d%] decrease

2 . The vectorization step does not involve any new model parameter

~

3. Typically, there are three “layers” for CNN
® Convolution layers (CONV)

® Pooling layers (POOL)

® Fully connected layers (FC)



Notation

| . [: Layer index

N

: d[é]: Number of channels of the [th layer

t_)‘)

: dg: Height of the “image” of the [th layer

: dg‘]/: Width of the “image” of the [th layer

Fw _li

. flUl: Kernel size associated with the Ith layer ( flm = fzm by default)
0. pl: Padding associated with the Ith layer (pi” = p. by default)

7. sl: Stride associated with the /th layer (3&” = 3[2” by default)
K No dilation
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Forward propagation fora CONYV layer

(. gl 4l ’ .
| .zl ¢ Rrxdo xdgxdy Output of linear transformation

Z[E] _ A[I—l];; * wW[I]cc 3 nb[l]

® o [1—1] [1—1] [1—1]

Al e Roxde “xdy “xdw T . Input for the Ith layer
® [1] [1—1] [1] [1]

Wl e Rioxde " xSXIT. Kernels
&

bl Réc x1x1. Bias term
®* “x7: Convolution for each sample and each channel

“+7: Common bias for each channel

[1] 5, 1] 5 ] o
Al ¢ Rrxde xdgxdw . Qutput of activation

Al — 11z

|- J

* olJ(): Activation function for the Ith layer
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Forward propagation fora CONYV layer

| . For simplicity, we show forward- and back-propagation for n =1

@ - e -
All-1 ¢ Rl xdy U xdy

® l [ [
7l c Rac xdyy xdiy

2 . Forward propagation:
Z[l} _ A[l—l]rsc " nw[l];c + wb[l]j
Al — 5l Z10)



Visulization

* + o)
X(f[é]
> ’ >
i—1 i—1 bi—1 [ . .
All-1] ¢ Rée  xdy U xdy Z[[]” _ Rd& xdgg xdy) AUR= Rc xdy xdyy
i i . 1 1
Wil ¢ Rac xde™ M x fHx sl plll ¢ Rde x1x1 Al ¢ R xdy xdy
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Pooling

| . Pooling is typically used after convolution layers to achieve

®* Reduce height and width for each channel (downsampling), and computation efficiency is

improved

Achieves robustness by neglecting useless or repeated information

Increase the receptive field

Achieve robustness against small translations, rotations, and other distortions in the input

Prevent overfitting, especially when combined with dropout
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Pooling

| . Two types of pooling:
® Average pooling
® Max pooling

7 Notice:

® Pooling is conducted for each channel

® Pooling does not involve new model parameters
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Average pooling

Input size: 6 X 6

l.
2. Kernel size: 2 x 2

3. Stride: 2



Average pooling

Kernel
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Max pooling

. Input size: 6 x 6

]
2. Kernel size: 2 x 2
3

. Stride: 2



Max pooling

Kernel

Result
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Forward propagation

J «—  FC | <+— | FC  <«— ' POOL @ =<— | CONV




Backpropagation

Input — | CONV = —>» | POOL = —>» CONV | —>» ' POOL —>» -

J «—= | FC  <+—= | FC | =—< ' POOL @ <+—= | CONV

| . We have learnt backpropagation for fully connected layers

2. Thus, it remains to show the backpropagation for

® The pooling layer (POOL)

® The convolution layer (CONV)
3. In the following, we assume a POOL is conducted right after a CONV
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Backpropagation

| . Consider the following case:

® The [th layer is a CONV layer

® The (I + 1)th layer is a POOL layer
7 Denote

@ [1—1]

[1] .
Wl ¢ Réc xde™ xFx . Kernel for the Ith layer

° pll ¢ R9c*1X1 . Bias for the Ith layer, taking P!~ as input

All ¢ R xdig xdyy . Output of the [th layer (CONV)

P+ ¢ Rie xdi" " xdw™ . Output of the (I + 1)th layer (POOL)
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Structure

CONYV layer POOL layer

[ . Assume that dP"YY is available

® Backpropagation for vectorization is trivial
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Backpropagation for average pooling

All Kernel M plitil
3 6 3 4 8 )
1 4 9 6 8 0
425 | 6.0 | 6.25
3 0 9 6 2 0 0.25
30 | 6.0 | 225
5 9 6 3 7 0 0.25
3.25 | 3.75 | 3.0
9 | 0| 3| 2| 3|1 P =025 x (A}] + A} + A}} + Al})
3 3 : [1+1] _ [1+1]
3 1 3 7 1 7 dAl} = (95[“ = Z ai—l] X aPﬁj[E] - 0‘[37—%1] X _(91:’11[{] =dP™ 56025
0AY; g1 H=1 3Pf,j | 0AY; 0Py, DA

dAll =dAll =dAll =0.25 x AP



Backpropagation for average pooling

| . For average pooling, we have
dAY = dP" o M
®* A® B : Kronecker production of two matrices A and B

® Valid for a special case:

> Kernel size “equals to” stride

> Size of the original image can be “divided by” the kernel size

2. Chain rule can be used to derive the result for general cases (check by yourself)



Backpropagation for max pooling

All
3 s ;
1 9 .
5 9 )
. 6 0
9 3 |
3 3 -
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Kernel pli+1]
7 0 9
5 0 7
9 7 7
P = max(al] + Al + 4l + all) = Y
3 _ [[+1] _ 11]
OP.. p
dA[f]l — 9T :ZZ 0{1 < EJ[E _ 0{1 g 0 115 _dpl[tlﬂ] “«0=0
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Backpropagation for max pooling

| . For max pooling, dA!Y is obtained by

® Stacking small matrices associated with each elements in P! times a 2 x 2

mask matrix

® Valid for a special case:

> Kernel size “equals to” stride

> Size of the original image can be “divided by” the kernel size

2. Chain rule can be used to derive the result for general cases (check by yourself)



Remarks

| . We have finished the backpropagation from dP!* o Al

® For average pooling, under specific conditions, gradients are evenly distributed

® For max pooling, under specific conditions, gradient is propagated back only at the

position of the forward maximum
® Pooling layer does not involve any model parameters

2. Assume the availability of dA!Y for the following analysis



Backpropagation for CONV

|. For simplicity, let d[]

* + o)
> | L > = >
a S :
Fasy Easy
NEW
[1—1] die Ml Noedl ] 1 dl xqll] ] 1 gl 5 glY
X e R"% Z,' €R Z"' € R1*duxdw
Wil ¢ pixds ' xflx sl bl ¢ R1*1x1 Al ¢ Rixdy xd
rf u'
(IWM :? Z Z le 29
=] =]
dx -1 =7 dZE] - dz” dzl = o'z o gAY
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Backpropagation for CONV

| . To find derivative with respect to something, we need to find where its information
is contained

2. Initialize dX Y as a zero matrix of the same dimension as the input image X =]

3. Informally, obtain
]
d‘XShce ’Zj+ dZO ] X W
¢ xi Ul . The part of X! ! used to obtain Z g
slice,27 ° p 0,1j
> >
X[f—l? = Rn’ij,_”XEILII_L:er[L'I‘,_J] Zgl e Rlxd#xdw Z = Rlxd[;}]xdu
wll ¢ Rixde > fx sl pll ¢ RIx1x1 Al ¢ RIxdixdyy
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Backpropagation for CONV

| . It is obvious that every element in Z([]l] contains information of W

) Thus, we have
dl gl

AW = LLdZ o= By

=1 3=1

B[l_l] The part of X"~ used to obtain ZH

* ik cr'-rﬁ?( )
> >
>
X[f—l_? = Rn’ij,_”xd[r"[f_l:xrfu_-_ l Zgl c Rlxd#xdw ZlIE c Rlxdwxd‘;i,
Wil ¢ Rixdl D flx plll ¢ R1x1x1 Alll ¢ RIxdy xdy
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Backpropagation for CONV

[ .

*
=
NEW
x -1 ¢ R xdy Hxdy
W[E] c Rd Xd
dwltl =7
dX !4 =

I,-":]Il :-!|":§'.':
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Backpropagation for CONV

| . Think about where the information is contained when calculating derivatives

(1—1] . ]

2. The information about X is contained in every channel of Z([)l

3. Initialize d XY as a zero matrix of the same dimension as X!

4 . Informally, obtain

slice,ij

d2]
dX ooyt = dZg;,, x WH
c=1

* x!=U . The part of X~ used to obtain Z([)l}]ijc forc=1,... ,d%]

slice, 27 °

° W{Jm: The cth kernel in the [th layer
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Backpropagation for CONV

| . It is obvious that every element in Z(Q{L contains information of Wf]
for ¢ = 1,...,d[é]
2. However, Wcm is not used for calculation of other channels

3. Thus, we have

L -

dyl ai

de-m — Z:Ldzt[)lm A Bl ' (c= 1?"'70@)

i=1 j=1

B[' Y. The part of X "1 used to obtain Z[g }”3



Data augmentation

::l_;...--“\- =
Original
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[https:/ fwww . volansys.com/blog/data-angmentation-in-ml /|
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Understanding convolution networks
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Understanding convolution networks

[Zeiler, M. D, & Fergus, R. (2014, September). Visualizing and understanding convolutional networks. In European conference on computer vision (pp. 818-833). Springer, Cham)|
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Understanding convolution networks

TN

= AR
1 rra

AR L)

[Zeiler, M. )., & Fergus, R. (2014, September). Visualizing and understanding convolutional networks. In European conference on computer vision (pp. $18-833). Springer, Cham)|
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Understanding convolution networks

- -
i

[Zeiler. M. D., & Fergus, R. (2014, September). Visualizing and understanding convolutional networks. In European conference on computer vision (pp. 818-833). Springer, Cham)|
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Understanding convolution networks

[Zeiler, M. Do, & Fergus, R. (2014, September). Visualizing and understanding convolutional networks. In European conference on computer vision (pp. 818-833). Springer, Cham|
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Summary

| . Motivation: Spatial structure, locality, and parameter sharing

2 Convolution and pooling layer: Extraction of local information

3. CNN exhibits a hierarchical organization to exctract information from simple

to complex



