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Homework 4 winners

1. Andrew Peng (0.10888, ensemble of tree models),

Andrew Tan (0.10984, single MLP), Farbod Nowzad, Ajay
Shah

2. Linda Du, Lillian Du, Saurav Kadavath, Ryan Liu
(0.11257)

3. Yoon Sung Hong, Eric Sung, Jemima Shi, Cheolho Jang
(0.11464)
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Homework 5 Corrections

* We screwed up
Covariate shifted problem between the chosen classes is

too easy
* Fix
e Submit updated homework by 3/5/2019

* Flip classes to make it harder
‘shirt + pullover’ vs. ‘sandals + sneaker’
‘sneaker + pullover’ vs. ‘shirt + sandals’
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Slide Submission

« Email to berkeley-stat-157@googlegroups.com

« Link to Google Drive slides
(for template see e.g. htips://tinyurl.com/yyv2z5sc)

* Keynote slides
 Powerpoint slides
« PDF (if that's the only thing you can do)
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Classifying Dogs and Cats in Images

* Use a good camera
 RGB image has 36M elements

« The model size of a single hidden
layer MLP with a 100 hidden size
Is 3.6 Billion parameters

« Exceeds the population of dogs
and cats on earth
(900M dogs + 600M cats)

Dual

12MP

wide-angle and
telephoto cameras
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Flashback - Network with one hidden layer

Output layer

100 neurons Hidden layer
3.6B parameters = 14GB

36M features Input layer
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Two Principles

 Translation
Invariance

* Locality
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Rethinking Dense Layers

* Reshape inputs and output into matrix (width, height)
* Reshape weights into 4-D tensors (h,w) to (h’,w’)

Zw,ﬂclxkl 2 i.j.a.bVita,j+b

a,b

V is re-indexes W such as that

Viiab = Wijita,j+b

dWS
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Idea #1 - Translation Invariance
h; i 2 Vi.jabXita,j+b
a,b

* A shiftin x also leads to a shift in h
* v should not depend on (i,j). Fixvia Vi iap = Vap

h ;= Z Vaprita,j+b
a,b

That's a 2-D convoiution
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Idea #2 - Locality

hi ;= Z Va,prita,j+b
a,b
« We shouldn’t look very far from x(i,j) in order to assess

what’s going on at h(i,j)
 QOutside range |a|,|b| > A parameters vanish v,;, =0

2 Z Va.pXita,j+b
—A b=—A

dWS
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Convolution
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Convolution

Cross-correlation

Autocorrelation
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2-D Cross Correlation

Input Kernel Output

01112

314 |5 *

6178

OXO0+1X1+4+3%x2+4+4%x3=19,
I X0+2X1+4%x2+4+5%x3=25,
3IX0+4X1+6%X2+4+7%x3=737,
4x0+5Xx1+4+7%x2+8x%x3=43.

(vdumoulin@ Github)
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2-D Convolution Layer

011]2

01 1 19| 25
31415 * —

2|3 37|43
6718

X : ny, X n,, input matrix
W : k, X k,, kernel matrix

b: scalar bias
Y:(n,—k,+1)xX(n,—k,+ 1) output matrix

Y=XxW+5b
« W and b are learnable parameters dWS
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Examples

(wikipedia)
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Edge Detection

Sharpen

Gaussian Blur



Examples

(Rob Fergus)
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Cross Correlation vs Convolution

« 2-D Cross Correlation

h w
Yij = Z 2 WabXita,j+b

a=1 b=1

h w
Yiji = Z Z W_a—brita,j+b

a=1 b=1
* No difference in practice during to symmetry

o 2-D Convolution

dWS
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1-D and 3-D Cross Correlations

« 1-D  3-D
h w d
Yi = Z Walkita yi,j,k = Z Z Z Wa,b,cxi+a,j+b,k+c
a=1 a=1 b=1 c=1
) Te>.<t * Video
* \oice

| | * Medical images
« Time series

dWS
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Padding

* Given a 32 x 32 input image

* Apply convolutional layer with 5 x 5 kernel
e 28 x 28 output with 1 layer
* 4 x4 output with 7 layers

« Shape decreases faster with larger kernels
* Shape reduces from n, xn, to

(n,—k,+1)xX(n,—k,+1)

h
—
-
-

-
-
£
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Padding

Padding adds rows/columns around input
Input Kernel Output
'0:050:0:0"
e ; 0[3[8]4
t0'of(1]2}o0:
b ~~ o1l 1 9 119125|10
o[3|4]|5}0! =* =
b ~ 213 2137|143 |16
0|/6|7]|8}0
b i 67|80
0,0450450%0"
OX0+0Xx14+0x24+0%x3=0 AWS
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Padding

Padding adds rows/columns around input
Input Kernel Output
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Padding

« Padding p, rows and p,, columns, output shape will be

(n,—k,+p,+1)xm,—k,+p,+1)

A common choiceis p,=k,—1 and p, =k, —1
 Odd k,: pad p,/2on both sides
« Even k, : pad [p,/2] on top, |p,/2] on bottom

dWS
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Stride

« Padding reduces shape linearly with #layers

* Given a 224 x 224 input with a 5 x 5 kernel, needs 44
layers to reduce the shape to 4 x 4

* Requires a large amount of computation

" AAAAAEAEAEAE
L L L LT T e
AAEAEAEEAEEER
AAEEEAEAEEER
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Stride

« Stride is the #rows/#columns per slide

Strides of 3 and 2 for height and width

Input Kernel Output
L e A
10:0;0:0:0:
e e :
rolof1]2}o0:
b ~~ 0|1 0|8
0345} 0¢ * =
bom - 213 6|8
oO|6|7|8}0!
b ~
0,0$050¢0
LI PN TN PN PN

OX0+0Xx1+1x%x24+2%x3=8
OX0+6%Xx14+0%x24+0%x3=6
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Stride

» Given stride s, for the height and stride s,, for the width,
the output shape is

L(nh _ kh +p,+ Sh)/ShJ X L(nw _ kw +p,t Sw)/SwJ

« With ph=kh— 1 and pw=kw—1
|(ny, + s, — D/s, | X |[(n,, +5,,— 1)/s, ]
« If input height/width are divisible by strides

(n,/s,) X (n,/s,,)

dWS
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M ple out nd
s. Output Cha‘ﬁnels




Multiple Input Channels

« Color image may have three RGB channels
« Converting to grayscale loses information

dWs
>
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Multiple Input Channels

« Color image may have three RGB channels
« Converting to grayscale loses information



Multiple Input Channels

« Have a kernel for each channel, and then sum results

over channels

Input Kernel
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Input

Kernel

Output

56

72

104

120

(IX14+2%x2+4%x3+5x%x4)
+O0OX0+1Xx1+3%x2+4%x3)

= 56

dWS



Multiple Input Channels

« X:¢Xn,Xn, input
« W: ¢ Xk, Xk,kernel
* Y :m,xXm, output

Y = i Xi,:,: x Wi,:,:
=0

dWS
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Multiple Output Channels

* No matter how many inputs channels, so far we always
get single output channel

* We can have multiple 3-D kernels, each one generates a
output channel

* Input X:c¢;Xn,Xn,

, Yi:::)(‘kvvi:::
« Kernel W : ¢, X ¢, Xk, Xk, s
e Output Y:c,XmXm, fori = 1,...,60

dWS
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Multiple Input/Output Channels

« Each output channel may recognize a particular pattern

 Input channels kernels recognize and combines patterns
In inputs
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1 x 1 Convolutional Layer

k, = k, = lis a popular choice. It doesn’t recognize spatial
patterns, but fuse channels.

Input Kernel Output

e [

Equal to a dense layer with 1,1, X ginput and
¢, X ¢; weight.

dWS
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2-D Convolution Layer Summary

Input  X:c¢;xn,xn,
Kernel W:c¢ xc xk, Xk,
Bias  B:c xc. Y=X*W+B
Output Y :c¢,xm,xm,
« Complexity (number of floating point operations FLOP)
¢; =c, =100
k,=h,=5 O(cjc ki k,,mm.,) 1GFLOP
m, =m,, = 64
* 10 layers, 1M examples: 10PF
(CPU: 0.15 TF = 18h, GPU: 12 TF = 14min) aws
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Pooling

« Convolution is sensitive to position
» Detect vertical edges

[[1. 1. 0. 0. O. [[ 0. 1. 0. O
[1. 1. 0. 0. O. [ 0. 1. 0. O
X [1.1.0.0.0. [ 0. 1. 0. O
[1. 1. 0. 0. O. [ 0. 1. 0. O

* We need some degree of invariance to translation
« Lighting, object positions, scales, appearance vary
among images

dWS
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2-D Max Pooling

 Returns the maximal value in the
sliding window

Input Output
O[1] 2

2 x 2 Max 419
31415 :

Pooling 718
678

max(0,1,3,4) = 4

dWs
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2 x 2 Max 419
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Pooling 718
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dWs
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2-D Max Pooling

* Returns the maximal value in the sliding window

Vertical edge detection Conv output 2 X 2 max pooling
[[1. 1. 0. 0. O [ 0. 1. ©0. ©O0. [[ 1. 1. 1.
[1. 1. 0. 0. O [ 0. 1. ©0. ©O0. [ 1. 1. 1.
[1. 1. 0. 0. O [ 0. 1. 0. o0. [ 1. 1. 1.
[1. 1. 0. 0. O [ 0. 1. 0. o0. [ 1. 1. 1.

courses.d?l.ai/berkeley-stat-157
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Padding, Stride, and Multiple Channels

* Pooling layers have similar padding
and stride as convolutional layers

* No learnable parameters

* Apply pooling for each input channel to
obtain the corresponding output
channel

#output channels = #input channels
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Average Pooling

* Max pooling: the strongest pattern signal in a window
* Average pooling: replace max with mean in max pooling
 The average signal strength in a window

Max pooling Average pooling

aws
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LeNet Architecture

32x32 image

gluon-cv.mxnet.io

convolution convolution pooling full
pooling full
] _ Gauss
: 3 |3
) 2 |e
I m S |3
— S
| 6@14x14 =
- S2 feature map — 16@5x5
6@28x28 16@10x10 S4 featuro m ap
C1 feature map C3 feature map
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Handwritten Digit
Recognition
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RESEARCH
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Y. LeCun, L.
Bottou, Y. Bengio,
P. Haffner, 1998
Gradient-based
learning applied to
document
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Expensive if we

have many
outputs

c

. convolution oolin
convolution P 9

full

pooling

Gauss

3 |3
’_,;,U vid I
= l | | ] 813
6@14x14
- S2 feature map n 16@5x5
32x32 image 6@28x28 16@10x10 S4 featur: map
C1 feature map C3 feature map

dWS
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LeNet in MXNet

net = gluon.nn.Sequential()
with net.name_scope():

net.
net.
net.
net.
net.
net.
net.

add(gluon.
add(gluon.
add (gluon.
add(gluon.
add(gluon.
add(gluon.
add(gluon.

loss = gluon. loss.

nn.
nn.
nn.

nn
nn

nn

Conv2D(channels=20, kernel _size=5, activation='tanh'))
AvgPoo12D(pool_size=2))
Conv2D(channels=50, kernel _size=5, activation='tanh'))

.AvgPoo12D(pool_size=2))
.Flatten())

nn.
.Dense(10))

Dense (500, activation='tanh'))

SoftmaxCrossEntropyLoss()

(size and shape inference is automatic)

amazon

webservices



Summary

« Convolutional layer
 Reduced model capacity compared to dense layer
 Efficient at detecting spatial pattens
* High computation complexity

« Control output shape via padding, strides and
channels

« Max/Average Pooling layer
* Provides some degree of invariance to translation

dWS
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