Convolutional Networks 2: Training, deep convolutional networks

Hakan Bilen

Machine Learning Practical — MLP Lecture 8
30 October / 6 November 2018

MLP Lecture 8 / 30 October / 6 November 2018



Q1. How can we increase the receptive field area of a conv layer?

Feature map H!1 Feature map HL
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Q1. How can we increase the receptive field area of a conv layer?
Q2. Can we do it without increasing kernel size?

Feature map H!™1 Feature map H:
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Input arguments for convolution function

class torch.nn.Conv2d(in channels, out channels, kemel size, stride=1, padding=0, dilation=1, groups=1,
bias=True)  [source]

Applies a 2D convolution over an input signal composed of several input planes.

in_channels
out_channels
kernel _size
stride

padding

bias
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Input arguments for convolution function

class torch.nn.Conv2d(in channels, out channels, kemel size, stride=1, padding=0, dilation=1, groups=1,
bias=True)  [source]

Applies a 2D convolution over an input signal composed of several input planes.

in_channels
out_channels
kernel_size
stride
padding
bias

dilation?

groups?
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Dilated convolutions

Feature map HL-1 Feature map Ht
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Dilated convolutions

Increased receptive field by inflating the kernel by inserting D — 1 spaces between the
kernel elements

\

Feature map H!™1 Feature map H!
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Dilated convolutions

Increased receptive field by inflating the kernel by inserting D — 1 spaces between the
kernel elements

d

Feature map H:~1 Feature map H:
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Dilated convolutions

Increased receptive field by inflating the kernel by inserting D — 1 spaces between the
kernel elements

d

Feature map H!~1 Feature map H'

Why to increase receptive field size?
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Dilated convolutions

Increased receptive field by inflating the kernel by inserting D — 1 spaces between the
kernel elements

P

Feature map H:1 Feature map H:

Yu & Koltun, “Multi-scale context aggregation by dilated convolutions”, ICLR, 2016.
https://arxiv.org/pdf/1511.07122.pdf
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https://arxiv.org/pdf/1511.07122.pdf

(Convolutional) filter groups

F in

F out

yL-1 *k

YL
F
XL F XL

Feature map HY ™1 Conv kernels Feature map H:
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(Convolutional) filter groups

@ G is number of groups
@ Reduces number of convolutional filters (or parameters)
@ Regularisation effect

FORt
Fin/G
Fin/G Fout
| [T
L-1 !
XL—1 XL
Feature map H- ™1 Conv kernels Feature map H*

MLP Lecture 8 / 30 October / 6 November 2018



Convolution and cross-correlation

@ We can write the feature map hidden unit equation (Index-0):

hij = ZZI(m+i,n+j)W(m,n)

m=0 n=0

h=WeI

® is a cross-correlation
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Convolution and cross-correlation

@ We can write the feature map hidden unit equation (Index-0):
hi,j = Z Zl(m+ ian+j)W(m7 n)
m=0 n=0
h=Wel

® is a cross-correlation
@ In signal processing a 2D convolution is written as

b= (V)= 35 VG )

m=0 n=0

hij=(1%V)=> > "I(i=mj—n)V(mn)

m=0 n=0

o If we “flip" (reflect horizontally and vertically) W (cross-correlation) then we
obtain V (convolution)

MLP Lecture 8 / 30 October / 6 November 2018



Training Convolutional Networks

Forward pass

hl — fi(hl_l,{wi,bl})

hl—l » » hi’

{Wl, bl}
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Training Convolutional Networks

Forward pass Backward pass

h.! - fi(hl_l,{wi,bl})

hi-l . L OE _OE On . 9E
dh!-1  9hlgh!-1 dh!

51 o8 _ox ot

ow!  dhlow!
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hitt [hiz' |hiE!
hiy | hiz
higt |nist [hit —
by | hs
hit (W2t |hi3!
Hl—l Wl‘. Hl

I -1 I i-1 I i—1 I -1
hi1 = wyihyy ™ + wighly™ + worhyp ™ + woohyy™ + b
I -1 I i-1 I i-1 I i-1
hip = wyihyy™ + wishys™ + worhyy ™ + woohys™ + b
I -1 I -1 I -1 I -1
hyy = withy ™ + wishyy ™ + worhgy ™ + woohsy™ + b

I 11 I -1 I -1 I -1
hyy = wyi1hyy™ + wighys™ + worhgy ™ + wyohgs™ + b
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Gradients of E w.r.t W/

-1 -1
hll h‘12

-1
h13

-1 -1
h21 h22

-1
h23

J0E | OF

dht, | ant,

-1 -1
h31 hBZ

-1
h33

J0E | OF

anL, | ohl,

Hl—l

OE JOH!

aEJowW!
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hiy = wiihiyt + wirhiy '+ wi byt + waphlyt + b
hip = withiy" + wirhizh + way ' + waphlst + b
hyp = wiphyy '+ wighlyt + wa bt + woo ' + b
hyy = wiy by + wiphls' + way bt + wap hit + b

1)

Let's calculate the parameter updates (8W,

OE  OE Ohl,  OE 0hy, OE 0hh  OE Oh,
owl,  Onl owl,  On,owl,  ohb owl,  dhb,ow]
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I -1 I i-1 I i—1 I i—1
h1y = wyihyy [+ wishyy ™ + worhyy ™ + woohyy ™ + b

I I -1 I i-1 I i-1
h1p = wyhyy ™ [+ wishys™ + worhyy ™ + woohys™ + b
I -1 I -1 I -1 I -1
hyy = wighyy [+ wishyy ™ + worhgy ™ + woshgy ™ + b
-1 I i—1 I i—1 I i—1
wiilhyy " [+ Wighys™ + worhgy ™ + wyphys” + b

~

~

>
N~
N
I
—

Let's calculate the parameter updates (%)
8El _ 8? h{11+ 0E h 8? hzl—i- 8? hégl
owy;  Ohy 8h 8h21 Ohy,
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hiy = wiyhy ' + wighty! [+ wy hoyt + wap byt 4+ b
hip = W1/1h12 + widhis | way byt waphist + b
hyy = withiy '+ wighhy ! 4 war it + wap bt + b
hay = wiphy ' + wighist |+ way bt + waphigt + b

Let's calculate the parameter updates (83—‘/6)
OE OE oOE ,, OE ,.; OE ,;
5 = Yy —hst+ —hht 4 h
owl,  dhj; 2 Oh, 1 onh P T ohl,
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| I =1\, 1 i1

hiy = wirhyy " + wiphty' + walhyy |+ wip byt + b
| I opl— =1\, 1 i1

hio = wirhyy' + wirhis' + wiyhiyt 14 washyst + b
I / =1\, 1 i1

hyy = withy + wishyy' + wihi 4 washgyt + b

hhy = wiyhiy' + wiphis + wy bt |+ wap hist + b

Let's calculate the parameter updates (-2£,)

ow
85:8Eh21+8Eh 8Eh aEh
owh, — Ohl, on, 2 T an T GaL
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I -1 I -1 I -1 /-1

hiy = wiihyy ™ + wishyy ™ + worhyy ™ + woghyy |+ b
I -1 I i—1 I i—1 I -1

h1o = wiihyy™ + wishys™ + worhyy ™ + woghys™ |+ b
/ I i—1 I i—1 I i-1 /-1

ha1 = wirhy™ + wighyy ™ + warhy; ™ + wodhzy ™1+ b

/ I -1 / -1
hhy = wihyy' + wiphhst + why byt + widhizt |+ b

Let's calculate the parameter updates (%)

OE OE
6W2172 8h

OE
ohl,

OE
Ohb,

OE

i 1 i 1 i 1 /-1
h22 h33 h32 8h h33

MLP Lecture 8 / 30 October / 6 November 2018



Gradients of E w.r.t W/

afvlil 8ahz TR aahi A5t + 66hl:'1 Rt + 38’52 h>t Given H' € RMIxN!

E 0E 0E OE OE
8(?/vl’2 ahl, n' ahl, hs' Ohy o " anp; Ohpy ! M N 8E pi-1
St fhi '+ ;T’?hg; gt ;,’jzhggl

MLP Lecture 8 / 30 October / 6 November 2018



Gradients of E w.r.t W/

MmN

8E -1
(9WI ZZ hr+m 1,s+n—1
rs m=1 n= 1
hitt |hiz" [hiz! OE | OF
dht, | ah!

Rl=1 |pl=1 |pl=1 11 12 |
21 22 23 OE IE
Rt | Rist | Rist ohL, | ont,

H-t 6E/6HI aEjow!
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Gradients of E w.r.t H'~1

Forward pass Backward pass

h.! - fi(hl_l,{wi,bl})

hi-l . L OE _OE On . 9E
dh!-1  9hlgh!-1 dh!

51 o8 _ox ot

ow!  dhlow!
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Gradients of E w.r.t H'~1

-1 -1 -1
hll h12 h13
1 l
hll h12
-1 -1 -1 —_
h21 h22 h23 —_—
hhy | hiz
-1 -1 -1
h31 h32 h33
Hl—l Wl Hl
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Gradients of E w.r.t H'~1

0 0 0 0

aE dE AE

o |oE e | dhi7t |anizt |anis?

th ahiz _ JdF oE oE

o dF | AE . T |ahi7t |ani;t okt

dhb, | dhb, dFE doF oF

ahl—l ahl—l ahl—l

0 0 0 0 31 32 33
Padded 0E /OH' Rotated W' dE/OH1

Imagine inverting the receptive field!
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Gradients of E w.r.t h'~1

I -1 I -1 I i—1 I i—1
hi1 = wyihyy ™ + wighly™ + worhyp ™ + woohyy™ + b
I -1 I i—1 I -1 I -1
h1p = wyihyy™ + wishys™ + worhyy ™ + woohys™ + b
I -1 I -1 I -1 I -1
hyy = withyy ™ + wishyy ™ + worhgy ™ + woohgy™ + b

A I -1 I -1 I i—1
hyy = wiyhyy™ + wiohys™ + worhgy™ + wophgs™ + b

Let's calculate the gradients of loss function (E) with respect to previous layer (H'~1)

OE OE Ohl, ~ OE ohl, ~ OE onh,  OE 0Oh,
-1 = I /-1 i -1 + / /-1 + | /-1
Ohyy Oh1y Oy Ohy Ohyy Ohay Ohyy Ohay Ohyy
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Gradients of E w.r.t h'~1

/ S I i—1 I i—1 I -1
h11 =|wiphip |+ waghyy™ + worhy ™ + wophyy ™ + b
/ =T I -1 I i-1 I i-1
hip = wyihyy™ + wishys™ + worhyy ™ + woohys™ + b
I -1 | -1 I i-1 I i—1
hyy = withy ™ + wishyy ™ + worhgy ™ + woohgy™ + b

I -1 I i—1 I i—1 I i—1
hyp = wyi1hyy™ + wighys™ + wy hgy™ + wyohg™ + b

Let's calculate the gradients of loss function (E) with respect to previous layer (H'~1)

OE  OE 0Ohly  OE 0Ohl,  OE 0hh, ~ OE O0hb,
ont Ohyy Dbyt Ohyy 0Nt Oy Ohyyt Ohy OB

OE  OE , OE _ OE _  OE

= Lo oy L
oWt~ ol T oK, ol onb,
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Gradients of E w.r.t h'~1

I -1 I i—1 I i—1 I -1
h1y = wiihyy ™ + wishyy ™ + worhyy ™ + woohyy ™ + b
I -1 I -1 I -1 I -1
hip = wyihyy™ + wishys™ + worhyy ™ + woohys™ + b
I -1 I -1 I -1 I -1
hyy = withyy ™ + wishyy ™ + worhgy ™ + woohgy™ + b

I -1 I -1 I i—1 I i—1
hy = withyy™ + wiphys™ + worhgy ™ + woohgs™ + b

Let's calculate the gradients of loss function (E) with respect to previous layer (H'~1)

OE OE Ohn,, ~ OE Ohl, OE 0ohb,  OE 0Oh,

Ohh,'  Ohiy Ohh,t  Ohly Ohh,t  Ohby 9hh,'  Ohby Ohh,"

MLP Lecture 8 / 30 October / 6 November 2018



Gradients of E w.r.t h'~1

/ I i—1 I i—1 I i—1 S
h11 = wiihiy™ + wighyy™ + worhyy ™ +|wophyy |+ b
/ I i-1 I -1 I -1 =T
h1p = wyihyy™ + wiphys™ +Hworhyy | + woshys™ + b
I -1 I -1 i1 I i—1
hyy = withyy ™ +|Wishyy |+ worhgy ™ + woshgy™ + b

R = I -1 I i—1 I i—1
hyy =|wi1hoy ™|+ wighys™ + Wy hgy ™ + wyohgs™ + b

Let's calculate the gradients of loss function (E) with respect to previous layer (H'~1)

OE  OE 0Ohl,  OE 0Ohl,  OE 0Ohh, ~ OE O0hb,
Ohg'  Ohyy Ohy,' Dby 0Ny Oy Dbyt Ohiy OBy,

OE  O9E , OE , OE , OE
W12+8h/ Wiy
22

=7 Want wpp +
onbyt Ok, 2% T okl 2t ok,
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Gradients of E w.r.t H'~1

0 0 0 0
JdF JdF JdF
o oF oF o ani7t [onizt [anizt
th ahiz _ JdF oE oE
o |oE e | —|anLTt |anigt |ankg?
ah§1 ahlzz JdE JF JE
ahl—l ahl—l ahl—l
0 0 0 0 31 32 33
Padded 0E /OH! Rotated W' AE/OH1

Imagine inverting the receptive field!
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Backpropagation for pooling

e Max function: m = max(a, b)

om _ 1if a> b, om _ 1if b> a,
0a 0 else. b 0 else.

N 0 0
0 1
\
\
H!-t H! aH!
aH-1
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Backpropagation for pooling

e Max function: m = max(a, b)

om lifa>b, ,, 1if b> a,
*] % = —b =
0 else. 0 else.

-t H oH!
oH!I-1
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Backpropagation for pooling

e Max function: m = max(a, b)

. 8m_{1ifa>b, 8m_{lifb>a,

0a 0 else. b 0 else.

X =
0 1 0 0
0 0 1 0
0E oH! 0E
dH! aH!-1 dH!-1
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Implementing fully-connected networks

Example at a time:

< d > - k > - k >

| | | |

input vector output vector

weight matrix
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Implementing fully-connected networks

Minibatch:

< d

input vector
(minibatch)

output vector
weight matrix (minibatch)

MLP Lecture 8 /

30 October / 6 November 2018



Implementing fully-connected networks

Minibatch:
< d > < k > < k >
A A A
| m—
n n
d
A\ A\
v
input vector . . output vector
(minibatch) weight matrix (minibatch)

input dimension x minibatch: Represent each layer as a 2-dimension matrix, where
each row corresponds to a training example, and the number of minibatch examples is
the number of rows
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Implementing Convolutional Networks

Example at a time, single input image, single feature map:

< X > m
A
I
y —>
\/
input image weight matrix feature map
(kernel)
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Implementing Convolutional Networks

Example at a time, single input image, multiple feature map:

< X > m
A I
I I
y — >
v |
input image weight matrices feature maps
(kernels)
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Implementing Convolutional Networks

Example at a time, multiple input images, multiple feature map:

< X > m
A | |
| L |
y — L
 —
v L] Bl —
multiple weight matrices feature maps
input images (kernels)
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Implementing Convolutional Networks

Minibatch, multiple input images, multiple feature map:

| =

{ —Ah

weight matrices
(kernels)
minibatch of —
multiple minibatch of =
input images feature maps
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Implementing Convolutional Networks

@ Inputs / layer values:

Each input image (and convlutional and pooling layer) is 2-dimensions (x,y)

If we have multiple feature maps, then that is a third dimension

And the minibatch adds a fourth dimension

Thus we represent each input (layer values) using a 4-dimension tensor (array):
(minibatch-size, num-fmaps, x, y)

e Weight matrices (kernels)

Each weight matrix used to scan across an image has 2 spatial dimensions (x,y)

o

o If there are multiple feature maps to be computed, then that is a third dimension

o Multiple input feature maps adds a fourth dimension

e Thus the weight matrices are also represented using a 4-dimension tensor: (Fin, Fout,

X, y)
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4D tensors in numpy

Both forward and back prop thus involves multiplying 4D tensors. There are various
ways to do this:
o Explicitly loop over the dimensions: this results in simpler code, but can be
inefficient. Although using cython to compile the loops as C can speed things up

@ Serialisation: By replicating input patches and weight matrices, it is possible to
convert the required 4D tensor multiplications into a large dot product. Requires
careful manipulation of indices!

@ Convolutions: use explicit convolution functions for forward and back prop,
rotating for the backprop

MLP Lecture 8 / 30 October / 6 November 2018



Deep

convolutional networks
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LeNet5 (LeCun et al, 1997)

C1: feature maps
INPUT E@2B:28

S2: 1. maps
G@i14xi14

|
| | Fullcmr#ecﬂan | Gaussian connections
Convolutions Subsampling Corwvolutions  Subsampling Full connection

2 convolutional layers {C1, C3} + non-linearity

2 average pooling {S2, S4}

2 fully connected hidden layer (no weight sharing) {C5, F6}
Softmax classifier layer
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ImageNet Classification (“AlexNet”)

Krizhevsky, Sutskever and Hinton, “ImageNet Classification with Deep Convolutional
Neural Networks™, NIPS'12.

http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

mIsm 0
o 4
3

“ Model Top-1 | Top-5
Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities >
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts Sp arse cadmg (2] | 47.1% 28.2%
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and SIFT + FVs [24] | 45.7% | 25.7%
the number of neurons in the network’s remaining layers is given by 253,440-186,624-64,896-64,896-43,264— CNN 375% | 17.0%

4096-4096-1000.

5 convolutional layers + non-linearity (ReLU)
3 max pooling layers

2 fully connected hidden layer

Softmax classifier layer
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http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

ImageNet Classification (“VGGNet")

Simonyan and Zisserman, “Very Deep Convolutional Networks for Large-Scale Visual

Recognition", ILSVRC-2014 http://www.robots.ox.ac.uk/~vgg/research/very_deep/
224x224

Network Design conves
conv-64
112112 [ maxpool
. . 0.1M wts
Key design choices: conv-t2e |
conv-128
* 3x3 conwv. kernels — very small sexse | maxpool | oo
* conv. stride 1 — no loss of information B8 oawws
28x28 maxpool
. conv-512 Temws
Other details: ey | 24Mwis
.r . . . x |
* Rectification (ReLU) non-linearity 1 maxp::z 24Mwts
conv-!
* 5 max-pool layers (x2 reduction) conv-s1z | 24N
.. 77 |_maxpool | q,512x4006
* no normalisation AT
FC-4096 16.8M wts
* 3 fully-connected (FC) layers rCan0e | A1Mws
softmax | 1 SI‘IJ\/(Iav‘vls
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http://www.robots.ox.ac.uk/~vgg/research/very_deep/

Simply stacking more layers?

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.
http://arxiv.org/abs/1512.03385

CIFAR-10
train error (%) test error (%)
20 20
56-layer
56-layer
10] 10]
20-layer
20-layer
l’0 1 5 6 0 1 5 (‘S

2 3‘ 4
iter. (le4)

56-layer net has higher training error and test error than 20-layer net!
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http://arxiv.org/abs/1512.03385

Deep Residual Learning ( “ResNets")

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

http://arxiv.org/abs/1512.03385
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http://arxiv.org/abs/1512.03385

Deep Residual Learning ( “ResNets")

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

http://arxiv.org/abs/1512.03385
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http://arxiv.org/abs/1512.03385

Deep Residual Learning ( “ResNets")

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

http://arxiv.org/abs/1512.03385

0007 21
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http://arxiv.org/abs/1512.03385

Deep Residual Learning ( “ResNets")

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

http://arxiv.org/abs/1512.03385

weight layer

relu

X

weight layer identity

Fix)+x @

relu

:f Figure 2. Residual learning: a building block.

e

A solutlon by construction:
@ original layers: copied from a learned shallower model
@ extra layers: set as identity
@ at least the same training error
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http://arxiv.org/abs/1512.03385

Deep Residual Learning ( “ResNets")

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

http://arxiv.org/abs/1512.03385 28.2
25.8

‘; 152 layers

16.4
\
\
\ 11.7
22 layers 19 layers
\ 7.3
\6.7

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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http://arxiv.org/abs/1512.03385

Hierarchical Representations

Pixel — edge — texton — motif — part — object

Low-Level Mid-Level| |High-Level| Trainable
et pts —
Feature Feature Feature Classifier
" A\

Zeiler & Fergus, “Visualizing and Understanding Convolutional Networks”, ECCV'14.
https://cs.nyu.edu/~fergus/papers/zeilerECCV2014.pdf

Slide credits: Lecun & Ranzato
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https://cs.nyu.edu/~fergus/papers/zeilerECCV2014.pdf

@ Convolutional networks include local receptive fields, weight sharing, and pooling
leading
@ Backprop training can also be implemented as a “reverse” convolutional layer
(with the weight matrix rotated)
@ Implement using 4D tensors:
o Inputs / Layer values: minibatch-size, number-fmaps, x, y
o Weights: Fi,, Fout, X, ¥
e Arguments: stride, kernel size, dilation, filter groups
@ Reading:
Goodfellow et al, Deep Learning (ch 9)
http://www.deeplearningbook.org/contents/convnets.html
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http://www.deeplearningbook.org/contents/convnets.html

