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01 Computational Graph of Linear Models



Graphical representations of linear regression

Recall that linear regression and its cost function can be formulated as

Yy =wi1x1 +wexa + - - Wnpkn + b

J(wi,- -, wn,b) = |ly — 42
* We here represent linear regression as a computational graph
* Each input node represents one individual feature value x1,z2,---,2» of one individual feature
vector = = {z1,%2,  ,Zn}

* A constant input node o =1 is also utilized. Weights associated with input nodes are denoted
as wi,wsz,--- ,wn and b

* The ground-truth target is denoted as ¥



Graphical representations of logistic regression

Similarly, the logistic classification and its cost function are
o(y) = o(wix1 + wexe + - - - wWpT, + b)

J(wy, -+ ,wn,b) = —Floga(y) — (1 —g)log(l —o(y))
We here represent linear regression as a computational graph
Each input node represents one individual feature value #1.z2,---,z» of one individual sample
g e DR
A constant input node zo =1 is also utilized. Weights associated with input nodes are denoted
as wi,wz,--- ,Wn and b

The ground-truth label (either 0 or 1) is denoted as 7 = —jlogo(y) — (1 = §) log(1 = a(y))




Graphical representations of C-class logistic regression

* Similarly, the C-class logistic classification and its cost function are

Y1 = wi11Z1 + wi2L2 + - - - WinZn + 0

Yo = W21T1 + WoaX2 + - - - WanTy + bo

Yo = wWei1T1 + wea2x2 + - - - Wenn + bo

* Y1,Y2, - .Yc are then normalized by the following softmax function
exp(yx)
ZS:I exp(y:)

Pk =
* The loss functions are denoted as

.
J(W,b) = = gilog p;

p =1l



Fully-connected layer in neural networks

* The computational graph of multi-class (C-class) logistic classification algorithm can be drawn as
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02  Fully-connected Layer



Fully-connected (linear) layer in neural networks

e The linear calculation to calculate yi1,¥%2, - ,¥c from z1,x2,---,x, are named as fully-connected
layer in neural networks
It is one of the basic structure blocks in neural networks

* The linear computation between x and y can be denoted as a matrix-vector multiplication y = Wx + b,

where W € R*" and be R are learnable parameters and = € R" is the feature vector of one sample

r 1 b ¢
wi1  wi2z - Win ! y

bo L2

; Waq Waa i Wap
W = = . P

R rlll“ . .'."
| Wl Wwe2 Wen be T



Gradients of fully connected layer

* The softmax or sigmoid functions are usually called the non-linearity (or activation) function in
neural networks

* Recall that we have the following computational graph

oo
* Given the loss function w.r.t. W,b ey
J(W,b) == " jilogp;

=1

. . . A J 0.J .
* Our ultimate goal is to obtain 57— and 5;- to train the neural network
aW,; b,




Computational graph

* Computational graph is a graphical representation of a function composition

* Example

U= GERRII=Nrt 1, ey

* The derivatives can be calculated backward sequentially without redundant computation

0.J oJ 8J ov aJ  9J dv oJ  9J du oJ 8J ou
v’ Ou wou Ha Ovda O  Oudb e  Ou Oc




Gradients of fully connected layer

* Recall that the derivatives along computational
graph can be calculated sequentially

* Eventually, we obtain

Pc

Softmax

aJ oJ 0.J 0J
Yc

3;01- 3 i 3 H;;i 7 8‘ b i

* We therefore can calculate the following gradients sequentially and use chain rule to obtain the
5 J 3;-91- 3%‘, (’? 1
Opi Oyi OWi; Ob;

above gradients

- :
'’ —~ . 0.J 1! W
* Gradients of cross-entropy loss layer J(W,b) = —Zyi logp; ™= G { 0 e

=1



Gradients of softmax layer

* We are interested in calculating the gradients

eVi
Ipi OFc,

k=1

T i

»  We will be using quotient rule of derivatives. For f(z) = E{?}

g g (x)h(z) — h'(z)g(z)
A ()P

* where in our case, we have

{:’i
g =at, fli= E e’k
k=1



Gradients of softmax layer

° If i = _;" api s am fh eYi ZE=1 eYk — eYieli
Y, Oy, (Zf;l Eyk)z
e¥s (ZE=1 evx — Eyj)
= 2
o J@h@) — @)@ (S6o eve)
T = b
C Vi (Zf=1 evk — Ey:f)
: » y
g = Eyl._, = Zeyk Zg=1 eYk Zk{?:l eVk
k=
: =pi (1 —p;)
8%
If i35 Op; S p Al » 0 — eYieV
J J (Zk:l Eyk)
—eYi ey




Gradients of softmax layer

° If i = _;" api s am fh eYi ZE=1 eYk — eYieli
Y, Oy, (Zf;l Eyk)z
e¥s (ZE=1 evx — Eyj)
= 2
o J@h@) — @)@ (S6o eve)
T = b
C Vi (Zf=1 evk — Ey:f)
: » y
g = Eyl._, = Zeyk Zg=1 eYk Zk{?:l eVk
k=
: =pi (1 —p;)
8%
If i35 Op; S p Al » 0 — eYieV
J J (Zk:l Eyk)
—eYi ey




Gradients of softmax layer

Therefore, the gradients of the softmax layer can be defined as

@:{ml—pﬂ if i=j
Ay —pj - pi if, e

* Combining gradients of the two layers, cross-entropy layer and softmax layer, the gradient of J w.r.t. y;

aJ _ aJ 9p; By
can be calculated as 5.~ = 7-5,+ for 7 =1
e If ti=jand %=1,
0J
— = — -l- R o
T
e If 4#4and #: =1,
oJ
o



Gradients of fully-connected layer

* Recall that a fully-connected layer is calculated as

y=Wax+5b
Y1 = Wi S A R [P R bl
Y2 = w21T1 + waek2 + - W2nTn + b2
Yo = WC1Z1 + WeeX2 + - WenTn + be

e (Qradients w.r.t. wi; and b: can be calculated as

8‘ i a i

Yi _ . Yi _ 4
3*1:;1:_;; {’)bi

* Multiplying the gradients from the above layer according to chain rule of derivatives results in
GBS Ol &Im dd . oJ Oy
Ow;; Oy, Ow;; Oy; °  9b; Oy, b Oy

* In matrix and vector format, we have

0.J

ey THAE Y
oW  dy

by

2" (outer product of the two vectors),



Gradients of the fully-connected layer

* We can further calculate gradients of fully-connected layers w.r.t. inputs x1,x2,---,zn

* Gradients of the fully-connected layer can be calculated as
3:9'1'
3:[:_,—

= Wyj

e (QGradients of J w.rt. z; therefore can be calculated as

e oy e}
&c_, Z ey A Z Ay; gl

1=1 =1

Converting this into a vector format, we have

aJ 7 0J
= W
dx Ay




Forward computation and back-propagation

* Each layer’s calculation can be categorized into forward and backward calculation
* Forward computation: for calculating classification probabilities from bottom layer to top layers

sequentially
* Backward computation (back-propagation): for calculating gradients for parameter update from top

layer to bottom layers sequentially

Q 7 Q 3 ‘

Q) X IHER L S
D ayQ Q Q I

leyz chj_ b
o) o o 2| 266 -

Ln

UONEINI|ED PIEMIO
-
uonebedoid-yoeg |

Flgure: In each training iteration, (1) forward computation from
bottom to top and then (2) back-propagation from top to bottom.



Gradients of a mini-batch of samples

* Recall that we mentioned that for large-scale data, the neural networks are generally trained with
Stochastic Gradient Descent

* Stochastic Gradient Descent calculates derivatives J w.r.t. W.b  using a mini-batch of training
samples {z®*,2?,... 2™} _ i
0@ @ e
Q Q o = F Q. Q 9 5 Q QO
i‘J

QC‘ Q Q Qn Q Q O _____

IH
-ci'J

* The gradients for updating parameters will be calculated as the average of the gradients of the mini-
batch with batch size N,

N

e i ) R
J—N;(J + I 44 g0
0./ o0 T 07 s
oW ~ N4 aw @b N ab

1= 1=



Summary

* Fully-connected layer
o Input: = = [x1,x2, - , Ty output: ¥ = [¥1,%2,  ,Yc]
¢ Lcarnable parameters: /W and b
¢ Forward input: x, forward output: y=Wx + b

. aJ
¢ Backward input: =
oy . S5 S

¢ Backward output:‘ P

gt + oJ 8J
] - —& L] —= | T
ox dy oW dy db dy

* Cross-entropy loss layer

oy

¢ Input: p = [p1,p2,--- ,pcl, § = [G1,92,--- ,dc]  output: J
¢ Learnable parameters: None C
¢ Forward input: p, ¥y, foward output: — Z% log p;

i=1
1
o.J —— 4i=1
. e D

¢ Backward output:

* A neural network can be considered as a structure consisting of the basic layers



Summary

* Fully-connected layer
o Input: = = [x1,x2, - , Ty output: ¥ = [¥1,%2,  ,Yc]
¢ Lcarnable parameters: /W and b
¢ Forward input: x, forward output: y=Wx + b

. aJ
¢ Backward input: =
oy . S5 S

¢ Backward output:‘ P

gt + oJ 8J
] - —& L] —= | T
ox dy oW dy db dy

* Cross-entropy loss layer

oy

¢ Input: p = [p1,p2,--- ,pcl, § = [G1,92,--- ,dc]  output: J
¢ Learnable parameters: None C
¢ Forward input: p, ¥y, foward output: — Z% log p;

i=1
1
o.J —— 4i=1
. e D

¢ Backward output:

* A neural network can be considered as a structure consisting of the basic layers



Summary

* Softmax layer:
¢ Input: ¥ = L e s el output: p = [p1.p2.- - . Pc)
¢ Learnable parameters: None

(:) ‘ Cross-entropy
) cxXply,;
¢ Foward input: ¥, forward output: pi = —& - . .E;EFS Layer
j—1€xp(y;) 1 T
c S m
S Y aJ S &
S vand mput: [le ' Bpz HP{?] ’ © ‘ Softmax Layer <
j ]
Backward output: 2 “r e
S a8 g
d.J —==pi (1 — p; if i =7 - T o
Sl ge STl 2 i - @ ‘ Fully-connected Layer | =
Ay — 5o Pilj if i # g S
LL

13

Data Layer |




Multi-Layer Perceptron

A neural network generally consists of multiple stacked fully-connected (linear) stacked together,
where each layer has their independent parameters to learn (in general cases)

We generally do not draw non-linearity function layers between and after fully-connected layers and
do not draw 0.y, Yo, Y6, - -

However, the multiple fully connected layer has to be separated by non-linearity layers (e.g.,

softmax or sigmoid layers). Otherwise, multiple stacked fully-connected layer is equivalent to ONE
fully-connected layer y" = W*(W'z+b') +b" = [W'W |z + [W'b +b7]

g Q ny
eRE*M p? cRY
iQ) y@ m@ @vu
JW! eRM=n pl cpM



Multi-layer Perceptron

* Generally, a single linear layer with non-linearity function (e.g., logistic classification) does not have
enough capacity to model the underlying function

* Neural networks with > 2 fully-connected layers can approximate any highly non-linear function

* A 3-layer Multi-Layer Perceptron (MLP) can be illustrated below
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The MNIST dataset

The MNIST dataset is a large database of handwritten
digits that is commonly used for evaluating different

machine learning algorithms
It contains 60,000 training images and 10,000 testing

images

Each image 1s of size 32 x 32
To use MLP to classify the digits, the 32 x 32 images

can be vectorized

into 32 x 32 = 1024 feature vectors as inputs
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Deeply learned feature representations

* Recall that in the begin of the course, we claimed that deep neural networks are “learning” features
instead of using manually designed features

* The last fully-connected layer with the non-linearity function layer can be considered as a linear classifier

 All the previous neural layers can be considered as a series of transformations that gradually transform
the input features into linearly separable features

* The low-level features captures more general information of samples of all classes

* The high-level features are closer to the final task

| M M M
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The learned weights

* The learned weights of each low-level neuron capture certain general patterns of all samples

sample training patterns

target-t t L LR ] t R i
b | 2 k . = -

output-z

IETT T

I1Ti101]

output

LTI IT]
11

L
1111

hidden

L L B “ e i " e ™ learned input-to-hidden weights

(Duda et al. Pattern Classification 2000)
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03 Some Other Layers for Modern Neural Network



Non-linearity layers

* Sigmoid (function) layer

L 4

L 4

Unlike softmax function, the sigmoid function only takes one value as input and output one

value each time

1
14e™ %2
a(zi)(1 — a(zi))

Input: z = [21,22,--- ,2zn] forward output: o(zi) =

Backward input: 2 backward output: i

s - z;

Use scenarios:
m  Back in 1990s-2000s, it was one of the most popular non-linearity function between fully
connected layers
m Can be used as the last layer of binary classification
m Can be used to gate the information flow through another neuron

/ =R o(z1) o(22) o(zn)




Non-linearity layers

* Tanh (hyperbolic tangent function) layer
& Sigmoid function maps [—oo, oc| to [0, 1], hyperbolic tangent function maps[—oc, o] to [—1, 1]

¢ Forward input: z = [z1, 22, ,zN], forward output:
e* —e ¢
gtanh{z} — &% L o2
¢ Backward input: %ﬁ- , backward output:
a.J

— . (1 — tanh*(z))
iz

¢ It is now much less frequently used compared with sigmoid function




Non-linearity layers

* ReLU (Rectified Linear Unit) layer
¢ One of the most frequently used non-linear function since 2012, because of its fast convergence rate
o Forward input: & = [x1,22, -+ ,x,] , forward output:

gy = gmaeiiiseitior ¢ = 1.2 &S

9. o5 { 0 ifz; >0

, backward output: Oy

¢ Backward input: -
Ay

o, () otherwise




Non-linearity layers

* Leaky ReLU (Rectified Linear Unit) layer
¢ Leaky ReLU is an improved version of the ReLLU layer. It solves the problem of ReLU of
having no gradients when the input is less than 0
¢ Forward input: = = [z1,22, - ,z,] , forward output:

cx; ifx; <0 i :
- fori=1.2,--- .1
o {.‘::1' i 2 >0

where o 1s a constant _ sy L
. a.] Il g e T Hhyies = {}
¢ Backward input: 7 -, backward output: 7= = 8L" iz >0
f(x) f(x)
f(x) = x f(x) = x
fix)=0
X X

f(x) = a*x




Non-linearity layers

* PReLU layer
¢ PReLU takes one step further by making the coefficient of leakage a to be learned during
network training
& Forward input: = = [T1,22, - ,Tn] , forward output:
0 = {Eﬂ:i %fh{” for 4 =1.2 "5 .
EE it e = 0

where o 1s a learnable constant

: 0.J
¢ Backward input: ;f-j-y— , backward output:
of cx% it i)
DERE S T x>0
, ).J - DJ
& Parameter gradients: {— = Z 1{z; <0)x; - E
e My




Loss layers

* Mean Squared Error (MSE)/L2 loss layer

¢ Generally used for regression problem

& Forward inputs: z(1), 2(2) ... 2(N) and ground-truth 2(1), 2(2) ... 2(N) forward output

|

= =3 (29 - 50)°

=

J

i 1 . :
¢ Backward output: —— = & (z(a} —E':”)

Az(1)

* L1 loss layer

¢ Also commonly used for regression problem, especially when there are many outliers

(1) ,(2) N

¢ Forward inputs: 2"/, -,z and ground-truth 21, 2(2) ... 2(N) " forward output

N

1
& Backward output: J = —
P =T

i=1




Why do we need “deep” neural networks

Theoretically, a three-layer neural network can approximate any non-linear function. Logistic
regression/classification can all be considered as a “shallow” three-layer neural network

Then, why do we need “deep” neural networks?

If the desired function is very complex, with three-layer neural networks, it might require an
exponentially increasing number of neurons in the hidden layers to well approximate the function
However, with many layers, a small number of neurons in each layer would be enough to

approximate the desired function




Branching and concatenation

* A group of neurons can be connected by two different fully-connected layers (branches)




Branching and concatenation

* A group of neurons can be connected by two different fully-connected layers (branches)




Addition of two groups of neurons

* The two vectors of neurons can be added to obtain a group of neurons

Z2=xT+Yy

2000
IR




Batch Normalization (BN) Layer

* Each dimension of the input feature vectors should be normalized by subtracting the mean over the
entire training set and then optionally divided by the standard deviation over the entire training set

* Recall that in mini-batch gradient descent, we train neural networks with mini-batches of samples
and each mini-batch might have different feature distributions (named ) because of
the small mini-batch size

* To handle different feature distributions in each iteration, the neural networks need to jointly handle
feature distribution variations and correctly classify the training samples, which prevent the network
from focusing on only learning for classification



Batch Normalization (BN) Layer (cont’ d)

* The BN layer normalizes each input feature vector of a mini-batch

Forward input: feature vector =z € R” in a mini-batch B

g %Zr and 65 + l%iZ{:r—_uE)?—i—c

| |IEH reBB

il T — [ i ’ 2O |
BN(z)=70® = EB 4 8 (“®": element-wise multiplication)
o + €

To address the fact that in some cases the activations may actually need to differ from standardized
data, BN also introduces learnable scaling v € R and offset 5 € R"

We add a small constant € > 0 to the variance estimate to ensure never dividing by zero

Training:
¢ In practice, instead of estimating mean and standard deviation of each mini-batch, we keep a
running estimate of the batch feature mean and standard deviation

1) (1=

~ [t ~
momentum } X .I'( ) + momentum X T



Batch Normalization (BN) Layer

* Each dimension of the input feature vectors should be normalized by subtracting the mean over the
entire training set and then optionally divided by the standard deviation over the entire training set

* Recall that in mini-batch gradient descent, we train neural networks with mini-batches of samples
and each mini-batch might have different feature distributions (named ) because of
the small mini-batch size

* To handle different feature distributions in each iteration, the neural networks need to jointly handle

feature distribution variations and correctly classify the training samples, which prevent the network
from focusing on only learning for classification

Ioffe and Szegedy, Batch normalization: Accelerating deep network training by reducing internal covariate shift”, ICML 2015



@) F u % %

NIy /' SUN YAT-SEN UNIVERSITY

Batch Normalization (BN) Layer (cont’ d)

* Testing:
& There are three choices of mean and standard deviation during testing
1. Calculate the mean and standard deviation from the current batch
2. Use the running estimate of mean and standard deviation during training
3. Calculate the mean and standard deviation from the entire training set or a relative large sub-set of
the training set layer by layer

« Advantages of using BN layers
Each training iteration will actually be slower because of the extra calculations.
However, it should converge much more quickly, so training should be faster overall
Gradient descent usually requires small learning rates for the network to
converge. And as networks get deeper, their gradients get smaller during back propagation so they require
even more iterations. Using batch normalization allows us to use much higher learning rates, which further
increases the speed at which networks train
Batch normalization seems to allow us to be much less careful about
choosing our initial starting weights
For instance, Sigmoids lose their gradient pretty quickly when

used in neural networks



Dropout layer

* Deep neural networks can have many large model capacity because of their deep structures. They
are likely to overfit on small-scale dataset

* Some neurons easily become “inactive” during training, because a small number of other neurons
can perform well on the training set

 To mitigate the problem, the dropout layer randomly sets proportion of » € [0.1] neurons to zero
and force the following the layer to use the remaining neuron responses for completing the

prediction task

(a) Standard Neural Net (b) After applying dropout.
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Dropout layer

* Training:
* Forward input: dropout ratio p, input feature vector = =1[z,22.--- ,z,] , forward output: randomly
set proportion p of feature values in [=1,22,--- 2] to zero to obtain y, then multiplied by 1/(1-p)

« Backward input: 55 , backward output:

g

{"}Z,_'

aJ é’i if z; is not dropped out in forward computation
0 if z; is dropped out in forward computation

* Testing/Inference:
* Forward input: dropout ratio p, input feature vector z = [z1, 22, -+ . zn];

» forward output: [z1.22, -, 2]

(a) Standard Neural Net (b) After applying dropout.
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Dropout layer

* In general, when using dropout layers, training errors (losses) will INCREASE

* For small-scale datasets, dropout layers are effective and decrease testing errors

* However, since the dropout layer is designed to prevent overfiting, it shows LESS to NONE
effectiveness on large-scale datasets

Figure: Test error on MINIST datasets for
different architectures with and without
dropout. The networks have 2 to 4 hidden
layers each with 1024 to 2048 units.

Classification Error %

j i i i
0 200000 400000 600000 800000 1000000
Number of weight updates



Modern MLPs

* A modern MLP can consist of several fully-connected layers, each of which is followed by a BN

layer and then a PReLLU or Leaky ReLLU non-linearity layer

o X B

7/ SUN YAT-SEN UNIVERSITY

* Each dimension of the input feature dimension should be normalized by first subtracting the mean

and then dividing by the standard deviation

* An MLP can have multiple losses either all at the topmost layer or at different layers
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Modern MLPs (cont’ d)

* A modern MLP can consist of several fully-connected layers, each of which is followed by BN layer
and then PReLU or Leaky ReLLU non-linearity layer

* Each dimension of the input feature dimension should be normalized by first subtracting the mean
and then dividing by the standard deviation

* An MLP can have multiple losses either all at the topmost layer or at different layers
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04 Convolutional Neural Network



Motivation of convolutional neural networks (CNNSs)

» Although deeper neural networks have larger representation capability and better generalization, it is

difficult to extend the multi-layer feed-forward neural networks to very deep, since every layer is
fully connected.

* For example, given a large image, the number of parameters could be very large. How to alleviate
such limitation?

* People resort to two tricks: Example: 1000x1000 image
1M hidden units

m) 10712 parametersl

* Sparse connection

/

* Shared parameters

.!'

Nl

A

Ranzato CWPR'13



Sparse connection

* Each input neuron only connects to partial output neurons
» Each output neuron only connects to a few neighboring input neurons. And the range of input

neurons 1s called

aMON H ¥ T W O R

connections connections
due to small due to small

convolution convolution
kernel o e ° o o kernel ° o o ° °

Dense Dense

connections connections




Growing receptive field

will increase along the layer goes deeper.




Shared parameters T X &
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» Parameters at different spatial locations are shared.

* Consequently, as shown in the following example, the number of parameters in the convolution
filter is 3, while 5 x 5 =25 1in the fully connected layer.

Convolution e
shares the same
parameters
across all spatial ° °
locations

matrix

multiplication

does not share @ @ @
any parameters

Example: 1000x1000 image
1M hidden units
m) 10712 parametersil!

i/

N
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Components of a Convolutional Network

Fully-Connected Layers Activation Function
X h % S
Convolution Layers Pooling Layers Normalization

224x224x64
112x112x64

/@>O _ - @ £y = —L L
y

| l
112
224 downsam pling !

224




Fully Connected Layer

32 x 32 x 3 image — stretch to 3072 x 1

input activation

Wax

1 —> — 1 (@
3072 10 x 3072

weights

10



Fully Connected Layer

32 x 32 x 3 image — stretch to 3072 x 1

input

—>

3072

Wax

10 x 3072
weights

activation
—> 1 (@
/ 10
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)



Convolution Layer

32 x 32 x 3 image — preserve spatial structure

32 height




Convolution Layer

32 x 32 x 3 image

/ 5 x5 x 3 filter
32

II Convolve the filter with the image i.e. “slide over

the image spatially, computing dot products”




Convolution Layer

Filters always extend the full depth of the input volume

d

32 x 32 x 3 image

/ 5 x5 x 3 filter
32

II Convolve the filter with the image i.e. “slide over

the image spatially, computing dot products”




Convolution Layer

g 32 x 32 x 3 image

V 5 x 5 x 3 filter

=\

~

1 number: the result of taking a dot product between the filter and a
3 small 5x5 x 3 chunk of the image (i.e. 5 x 5 x 3 = 75-dimensional

dot product + bias)




Convolution Layer

32

|
%z

|



Convolution Layer

32
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Convolution Layer
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Convolution Layer
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Convolution Layer

=\

g o

V
e

~

32 x 32 x 3 image
S x 5 x 3 filter

>

convolve (slide) over all spatial locations

.

28

activation map



Convolution Layer

consider a second,

g 32 x 32 x 3 image

V

>

=0\

=g

convolve (slide) over all spatial locations

N

|

.

[

28

filter

activation maps



Convolution Layer

For example, if we had 6 5 x 5 filters, we’ll get 6 separate activation maps:

\

32 28

Convolution Layer
28

We stack these up to get a “new image™ of size 28 x 28 x 6!

activation maps

<




ConvNet is a sequence of Convolution Layers,
interspersed with activation functions

32 28

CONYV, ReLU

e.g. 6 5x5x3 filters
32 28




ConvNet is a sequence of Convolution Layers,
interspersed with activation functions

32

32

CONYV, ReLU
e.g. 6 5x5x3 filters

28

28

CONYV, ReLU
e.g. 10 5x5x6 filters

&

24

10

24

A2\
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CONV,
RelLU



Preview

[Zeiler and Fergus 2013] vimatiation of VGG-16 by Lane Mclutosh. VGG-16

srchitectum fom [Stnonyan and Zimerman X 14].
1

s‘.\ Low-level Mid-level High-level 5::‘:;?;3 | -
features features features classifier

z*

n- *r

VGG-16 Conv1_1 _ VGG-16 Conv3d_2

] VGG-1 nv5_3




Preview

RELU RELU  RELU RELU  RELU RELU
CONVlCONVl CONVlCONVl CONVlCONVl

1

YV vy

:

faijplane

Ship

:fi]horse
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A closer look at spatial dimensions:

=\

g o

V
e

~

32 x 32 x 3 image
S x 5 x 3 filter

convolve (slide) over all spatial locations

>

.

28

activation map



A closer look at spatial dimensions:

'

Input: 7x7
Filter: 3x3

7 x 7 input (spatially) assume
3 x 3 filter = 5 x 5 output

 »




A closer look at spatial dimensions:

7 x 7 input (spatially) assume 3 x 3 filter applied with stride 2



A closer look at spatial dimensions:

7 x 7 input (spatially) assume 3 x 3 filter applied with stride 2



A closer look at spatial dimensions: @tuxs

7 x 7 input (spatially) assume 3 x 3 filter applied with stride 2 => 3 x 3 output!



A closer look at spatial dimensions:

7 x 7 input (spatially) assume 3 x 3 filter applied with stride 3 ?



A closer look at spatial dimensions:

7 x 7 input (spatially) assume 3 x 3 filter applied with stride 3 ?
doesn’t fit!
cannot apply 3 x 3 filter on 7 x 7 input with stride 3.



A closer look at spatial dimensions:

Output size: (N - F) /stride +1 e.g. N=7,F=3:
stride ] = (7—-3)/1+1=35

stride 2 = (7—3)/2+1=3

stride 3=>(7—-3)/3+1=2.33



In practice: Common to zero pad the border

0 e.g.
input 7 x 7, 3 x 3 filter,

0 applied with stride 1, pad with 1 pixel border
=>

0

what 1s the output?

(recall:)
(N — F) / stride + 1




In practice: Common to zero pad the border

O(0O(O|O|O |0
0 e.g.
input 7 x 7, 3 x 3 filter,
0 applied with stride 1, pad with 1 pixel border
=>
0 what 1s the output?
0 7 x 7 output!
(recall:)
(N +2P— F) / stride + 1




In practice: Common to zero pad the border

0 e.g.
mput 7 x 7, 3 x 3 filter,

0 applied with stride 1, pad with 1 pixel border
=>

0 what 1s the output?

0 7 x 7 output!

In general, common to see CONV layers with stride 1,
filters of size FxF, and zero-padding with (F — 1)/2.
(will preserve size spatially)

¢.g. F =3 = zero pad with 1

F =5 = zero pad with 2

F =7 = zero pad with 3




Practice: about the model size

4

y

Y

| 4

Input volume : 3x32 x32
10 5 x 5 filters with stride 1 , pad 2

Output volume size: ?




Practice: about the model size
Input volume : 3x32 x32
/ / 10 5 x 5 filters with stride 1 , pad 2
Output volume size:

(32 +2x2-5) /1+1=232 spatially, so 10x32x32




Practice: about the model size
Input volume : 3x32 x32
/ / 10 5 x 5 filters with stride 1 , pad 2
Output volume size: 10x32 x32

Number of learnable parameters: ?




Practice: about the model size

4

y

Y

| 4

Input volume : *x32 x32

10 5 x 5 filters with stride 1 , pad 2

Output volume size: 10x32 x32

Number of learnable parameters: 760

Parameters per filter: *x5 x5 + 1 ( for bias ) =76
10 filter, so total is 10x76 =760




Practice: about the model size

4
y

Y

| 4

Input volume : 3x32 x32

10 5 x 5 filters with stride 1 , pad 2
Output volume size: 10x32 x32
Number of learnable parameters: 760

Number of multiply-add operations: ?




Practice: about the model size (@) Fux %

Input volume : 3x32 x32
10 5 x 5 filters with stride 1, pad 2
Output volume size: 10x32 x32

Number of learnable parameters: 760

Number of multiply-add operations: 768,000
_/ _/ 10x32 x32 = 10,240 outputs;

each output 1s the inner product of two 3x5 x5 tensors

( 75 elems ); total = 75 x10240 = 768K




Pooling Layer

* Another way to downsample

224x224x64

112x112x64

pool

—.-.

|

I
— BB 112
» downsampling

Cs 112
224

224

--.._-_-

Hyperparameter:
Kernel Size

Stride

Pooling function




Max Pooling

224x224x64

Single depth slice
y 1 1 2 4
Max pooling with 2x2
5 6 7 8 kernel size and stride 2 6 8
3 2 7| 0 3 =
112134 Introduces invariance to

~small spatial shifts
Y No learnable parameters!




Pooling Layer Summary

* Input: CxHxW
* Hyperparameters:

* kernel size: K

 Stride: S Common settings:
* Pooling function (max, avg) max, K=2, S=2
* Qutput: CxH’xW’ where max, K=3, S=2 (AlexNet)

- H’=(HK)/S+1
« W=(W-K)/S+1

* Learnable parameters: None!



Convolutional Networks Example:

Classic architecture: [Conv, RelLU, Pool] x N, flatten, [FC, ReLU] x N, FC

Example: LeNet-5
Image Maps

| N
A\

Convolutions \ Fully Connected

Input

Subsa;'npfing



Convolutional Networks Example:

el Image Maps : !
Example: LeNet-5 .
K_ | E& \ K&_\Gu‘.put
- g - j _-_;:—:}:h l}h D:;" E—F\H?‘.ui:lyhxl'_'annecmd

'I"I [J-th 1 X ZB X 23 Lot Suhml;.'npling



Convolutional Networks Example:

[t

Example: LeNet-5 K
s

.
S
Input 1x28x28 Conwolutions mme.
C,.=20,K=5,P=2,5=1) 20x28x28 20x1x5x5
RelU 20x 28 x 28

u\ \\‘x o

Fu I:.r Eann&ted

Conv (



Convolutional Networks Example:

Init

Example: LeNet-5 o A
K D\\ L \\M EQK\ Output
Laver | output size | weight size | SRl MR RS EEIEE RN R

lnput 1x28x28 Convelutions = =\ Fully Connected
Conv (C, =20, K=5, P=2,5=1) 20x28x28 20x1x5x5
RelU 20 x 28 x 28

MaxPool(K=2, S=2) 20x14x 14



Convolutional Networks Example:

Image Maps

Imput

Example: LeNet-5 | P
_H% Q D::- x. “‘x\ HH__.KH Clutput
layer | OutputSize | Weight Size _ ‘ :— T N S\ S

o

Input 1x28x28 Comelutons : i
Conv (C,,=20, K=5,P=2,5=1) 20x28x28 20x1x5x5

RelLU 20x 28 x 28

MaxPool(K=2, 5=2) 20x14x14

Conv (C,,=50, K=5, P=2,5=1) 50x14x14 50x20X5x5
RelU 50x14x 14



Convolutional Networks Example:

Irmage Maps

Ingut

Example: LeNet-5 K i
o x SN NN
layer |OutputSize | Weight Size  IRSRSCIINES J**.;ﬁlu,f QNN

e S

Input 1x28x 28 Comvahunons IEEERY £ i
Conv (C,,=20, K=5, P=2,5=1) 20x28x28 20x1x5x5

RelU 20 x 28 x 28

MaxPool(K=2, 5=2) 20x 14 x 14

Conv (C,,=50, K=5,P=2,5=1) 50x14x14 50x20x5x5

RelU 50x14x 14

MaxPool(K=2, S=2) S0x7x7



Convolutional Networks Example:

Irmage Maps
Input

Example: LeNet-5 - d
K By + x.\“x -R_ \ NRRK\C‘U?I-"HI
Laver [outputsize | weight size IR I AC T RN B

.

Input 1x28x 28 Convolutions P i
Conv (C,,=20, K=5,P=2,5=1) 20x28x28 20x1x5x5

RelU 20 x 28 x 28

MaxPool(K=2, 5=2) 20x14x 14

Conv (C,,,=50, K=5, P=2,5=1) 50x14x14 50x20x5x5

RelU 50x14 x14

MaxPool(K=2, 5=2) S0x7x7

Flatten 2450



Convolutional Networks Example:

Input i sl

Example: LeNet-5 | sp i
Input 1x28x28 Comvoltions = 5ub;"'mp.ing i 47
Conv (C,,=20, K=5, P=2,5=1) 20x28x28 20x1x5x5
RelU 20 x 28 x 28
MaxPool(K=2, S=2) 20x14x 14
Conv (C,,=50, K=5, P=2,5=1) 50x14x14 50x20x5x5
RelU 50x 14 x 14
MaxPool(K=2, S=2) 50x7x7
Flatten 2450
Linear (2450 -> 500) 500 2450 x 500

RelLU 500



Convolutional Networks Example:

Image Maps
Ingut

Example: LeNet-5 K |

R
- r\ \ “::\.“‘%_ %, Output
T | - -

= Py ___H'x, 5 - = N,

g Fully Connected

Input 1x28x28 e ol

Conv (C,,=20, K=5, P=2,5=1) 20x28x28 20x1x5x5

hetl X E8x28 As we go through the network:
MaxPool(K=2, 5=2) 20x14x 14

Conv (C,,,=50, K=5, P=2,5=1) 50x14x14 50x20x5x5 [l T

=T SR Spatial size decreases
MaxPool(K=2, $=2) Ty (using pooling or strided conv)
Flatten 2450

Linear (2450 -> 500) 500 2450 x 500 Number of channels increases
RelU 500 (total “volume” is preserved!)

Linear (500 -> 10) 10 500x 10



Thanks for Listening

SUN YAT-SEN UNIVERSITY 2025

Prof. Dr. Ruimao Zhang
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