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Convolutional Layer

0 fw-z4+b<0

Perceptron: output = { ,
1 fw-24+b>0

w-Ir = ijj:l:j,

_ . This is convolution!

Share the same parameters across

N different locations (assuming input is

Y .l stationary):
18 4 ¢ . .
1L \ Convolutions with learned kernels

36
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Convolutional Layer

Shared weights

Ranzaton



Convolutional Layer

Learn multiple filters.

CAfGSNI T Wt ;
") Also callekernel.

E.g.: 200x200 image
100 Filters

Filter size: 10x10
10K parameters

54
Ranzaton



Yann[ S/ d#KISECNN architecture

G301 maps 16@E10x10
C1: leafure maps S4: 1. maps 16@5x5

NPUT G@ 2528
2w 52: f. maps C5: ;
G114 oy M:lajer- ERIEHL

| Full connectian Gaussian connections
Convolutions Subsampling Conveolutions  Subsampling Full connection Ranzato




DEMO

http://scs.ryerson.ca/~aharley/vis/conv/

Thanks to Adam Harley for making this.

More here:http://scs.ryerson.ca/~aharley/vis



http://scs.ryerson.ca/~aharley/vis/conv/
http://scs.ryerson.ca/~aharley/vis/conv/

Convolutions: More detall

32x32x3 image

32 height

3 depth

Andre] Karpathy




Convolutions: More detall

32x32x3 image

5x5x3 filter

32 III

32

Andrej Karpathy



Convolutions: More detaill

Convolution Layer

activation map

_— 32x32x3 Image

- 5x5x3 filter /
=
@>O ”

convolve (slide) over all

spatial locations
32 28

Andre] Karpathy




Convolutions: More detall

For example, if we had 6 5x3 filters, we'll get 6 separate activation maps:
activation maps

/

A
AN

32

28

Convolution Layer

7

32 s 28
3 .
We stack these up to get a “new image” of size 28x28x6!

Andrej Karpathy



Convolutions: More detall

32

Andrej Karpathy

32

CONYV,
RelLU
eg. 6
IXOX3
filters

28

28

CONYV,
RelLU
e.g. 10
IXOX6
filters

10

24

CONYV,
RelLU

24




ThinkPaieShare

Input size: 9& 96 X3
Kernel size: 5x5x 3
Stride: 1

Max poolinglayer:4 x 4

Output feature mapsize?
a) 5x5

b) 22x 22

c) 23x 23

d) 24x 24

e)25x 25

Input size: 96 x 96 x 3
Kernel size: 3 x3x 3
Stride: 3

Max pooling layer: 8 x 8

Output feature map size?
a)2x2

b) 3x3

c)dx4

d)5x5

e) 12 x 12



Convolutions: More detail
N

Output size:
(N - F)/ stride + 1

Andrej Karpathy



Input
15X 75x4
|r|.-|age 4X75X75 B4x73x73 64x36x36 48x34x34 48x17x17 48x15x15 48X7x7 48x5x5 48x2x2
m [ N [ S [ N [ S
Prob. 3x3p 2x2P 3x3p 2x2F 3x3F 2x2F 3x3p 2x2P
Label Input Convolution Pooling  Convolution Pooling Convolution Pooling Convolution Pooling
B (Max) (Max) (Max) (Max)
Dropout Dropout Dropout Dropout
Border p=.2 p=.2 p=.2 p=.2
Conv1l Conv 2 Conv 3 Conv4
3x3x4 3x3x64 3x3x48 3x3x48
64 filters 48 filters 48 filters 48 filters
Max pooling Max pooling Max pooling Max pooling

Ourconnectomicsliagram

Auto-generated from network declaration molearn(for Lasagné Theang

2x2 per filter

2x2 per filter 2x2 per filter 2x2 per filter

Dense
RelLU
Dropout
p=.5

2
1: Split Error
0: Correct

Dense
Softmax



Reading
architecture
diagrams

Layers

- Kernel sizes
- Strides

- # channels
- # kernels

- Max pooling

params

4M
16M
37M

442K
1.3M
884K

307K

35K

4

AlexNet

FC 1000

FC 4096 / ReLU

FC 4096 / ReLU

Max Pool 3x3s2

Conv 3x3s1, 256 / RelLU

Conv 3x3s1, 384 / RelLU

Conv 3x3s1, 384 / RelLU

Max Pool 3x3s2

Local Response Norm

Conv 5x5s1, 256 / RelLU

Max Pool 3x3s2

Local Response Norm

Conv 11x11s4, 96 / ReLU

FLOPs
4M

16M
37M

74M
112M
149M

223M

105M



AlexNetdiagram (simplified)[

Input size
227 X 227 X 3
85
11 :
?
11\ |
rved
mage 55
(RGB)
s pooling
227 zud %1 33
' Stride 2
3
Conv 1 Conv 2
11 x11x3 5x5x96
Stride 4 Stride 1
06 filters 256 filters

25¢

13 13
3' I | 3"
13 2 13
3
384 384
Max
pooling
3x3
Stride 2
Conv 3 Conv 4
3 X3 x 256 3Xx3x192
Stride 1 Stride 1
384 filters 384 filters

dense

———

256

Max L
pooling 4096

Conv4
3x3x192
Stride 1
256 filters

Krizhevsket al. 2012]

gense
dense

p—

4096



A\

2 A0 6Keée AayQu A0 OFffSF

It could be.
Deep learning libraries actually implement correlation.

Correlation relates to convolution via a 180deg rotation
of the kernel. When wéarnkernels, we could easily
learn them flipped.

Associative property of convolution ends up not being
Important to our application, so we just ignore it.

[p.323, Goodfellow]



What does it mean to convolve over
greaterthan-first-layer hidden units?



Yann[ S/ d#KISECNN architecture

G301 maps 16@E10x10
C1: leafure maps S4: 1. maps 16@5x5

NPUT G@ 2528
2w 52: f. maps C5: ;
G114 oy M:lajer- ERIEHL

| Full connectian Gaussian connections
Convolutions Subsampling Conveolutions  Subsampling Full connection Ranzato




Multi-layer perceptron (MLP)

X A &fullycontecte® Yy SdzNJF f Yy S 42 N.
linear activation functions.

output

PeedforwardQ y SdzNJ £ y S 62 NJ

Nielson



Does anyone pass along the weight without an
activation function?

No ¢ this is linear chaining.

Input

vector Output vector




Does anyone pass along the weight without an
activation function?

No ¢ this is linear chaining.

Input

vector Output vector



Are there other activation functions?
Yes, many.

As long as:
- Activation function s(z) is wedlefined

asz>-k | VAR K

- These limits are different

Then we can make a step!
It can be shown that it is universal for function
approximation.



Activation functions:
Rectifled Linear Unit

AReLU  f(z) = max(0,z)

1.0

0.8

0.6

0.4

0.2 -

0.0

T T | | I
-4 -3 -2 -1 0 1

I
2



A Wor+b

RelU

Wyr +b Wyr +b

Cyh24- http://prog3.com/sbdm/blog/cyh_24



Rectifiled Linear Unit

Question: What do RelLU layers accomplish?

Answer: Piece-wise linear tiling: mapping is locally linear.

Ranzato



What is the relationship between SVMs
andperceptron®

SVMs attempt to learn the support vectors which
maximize the margin between classes.




What is the relationship between SVMs
andperceptron®

SVMs attempt to learn the support vectors which
maximize the margin between classes.

A perceptron does not.
Both of these perceptron classifiers are equivalent.

Yt SNOSLIINRY 2 .
a0l oAt AlEQ Aa

Perceptron

+ optimal stability

+ kernel trick

= foundations of SVM




Why Is pooling useful again?
What kinds of pooling operations might we consider?



Pooling Layer

Bypoolingresponses at different locations
we gain robustness to the exact spatial
location of image features

Useful forclassificationg KSy L R
F62dzi Yo KSNBY L WwWa

Pooling layer
output

Convolutional
layer output

61
Ranzaton



Pooling Is similar tdownsampling

| Level 4
Blurand %116 resolution

p ~ , ~ Subsample (£ Level 3
Xodzi 2y FSEGdNB  Yiyda ;8 ~hon
not the input!

1/4 resolution

Blur and

subsample
Level 1
1/2 resolution
Blur and
subsample

XSEOSLIi a2yYSdiavysSa 6S
R2Yy QiU 6l yd G2 o0f dNE «
as other functions might I ast
be better for classification. '

Level 0
Original
image




Pooling Layer: Examples

Max-pooling:

7 n—1,— —
hj('x’y):maxfeN(x),jzeN(y)hj (JC,;V)

Average pooling'

l/KZxE ), VEN(y 3_1



Max pooling

Single depth slice

-

Wikipedia




OK, so does pooling give us rotation invariance?
Whataboutscaleinvariance

| 2y @2t dz0A2Yy Aad UNRYSGE NR R Y
we could shift the image and the kernel would give us a
corresponding shift in the feature map.

But if we rotated or scaled the input, the same kernel
would give a very different response.

Poolingetsus aggregate (avg) or pick from (max)
responses, but the kernels themselves must be trained
on and so learmo activate on scaled or rotated instances
of the object.



S YIE L322t SR 23S NJ

Large response Large response

in pooling unit in pooling unit

Large Large

response response

in detector in detector

unit 3

LilE|ls| | b5 ]||s

Nt/ Nt/
L, S

Fig 9.9, Goodfellow et al. [the book]

unit 1




Pooling Layer: Receptive Field Size




Pooling Layer: Receptive Field Size

If convolutional filters have size KxK and stride 1, and pooling layer
has pools of size PxP, then each unit in the pooling layer depends
upon a patch (at the input of the preceding conv. layer) of size:

66
Ranzaton



Pooling Layer: Receptive Field Size

hn—l hn hn+1

If convolutional filters have size KxK and stride 1, and pooling layer
has pools of size PxP, then each unit in the pooling layer depends
upon a patch (at the input of the preceding conv. layer) of size:
(P+K-1)x(P+K-1)

67
Ranzaton



LQOS KSI NR

Skip connections
Residual connections
Batch normalization

Fo2dzi Yl ye

Gvhilei KSa S Ay

Y2 N
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Training Neural Networks



Gradient descent

fx)




General approach

Pick random starting point.

fx)




General approach

Compute gradient at point (analytically or by finite differences)

fx)

"Qw




General approach

Move along parameter space in direction of negative gradient

fx)

[ = amount to move
=learning rate




General approach

Move along parameter space in direction of negative gradient.

fx)

[ = amount to move
=learning rate




General approach

{021 9 KSY 6S R2y QU Y20S | yeé

fx)




Gradient descent

AOptimizer for functions.
AGuaranteed to find optimum for convex functions.

ANon-convex = findocaloptimum. f(x) 4
Aa2ai OAZA2Y LINROG SWSyg

X

AWorks for multivariate functions.
ANeed to compute matrix dfJ- NI Al f RSNA DI |



Why would I use this over Least Squares”

If my function is convex, ] )
gKe Ol yQi L 2dzad dza s ft AY

Ax —b =0
F(x) = ||[Ax — b]||.
VF(x) = 24" (Ax — b).

Analytic solution = normal equationsy (6 6) 0 ®

You can, yes.



Why would I use this over Least Squares”

But now imagine that | have 1,000,000 data points.
Matrices are _huge .

Even for convex functions, gradient descent allows

me to iteratively solve the solution without requiring
very large matrices.

Pal

2 SQff 4SS K249



Train NN with Gradient Descent

Acwho =ntraining examples
A'(e) = feed forward neural network
ALK, y;‘ ) = somdoss function

AlLoss functioty ST adzNksa K2z2g WI2Z22F
at classifying the training examplest. the
parameters of the model (the perceptron weights).



Train NN with Gradient Descent

Loss function
(Evaluate NN
on training data)

\ ||

11

W ww W Model parameters
(perceptron weights)



How Good is a Network?




What Iis an appropriate loss?

ADefine some output threshold on detection
AClassification: compare training class to output class
AZeroone loss) (per class)

6 o1 o0 L) =1 #v),
Als it good?
ANopecA 0 Qa | a0SL)I Fdzy OlA2Yy ®
Al need to compute thgradientof the loss.
AtKAA t2aa8 Aa y2i0 RAFTFSNBYI



Classification as probability

Special function on last layekoftmaxQ Y

a{ lj dzI” é.gKJIiﬁ]éAnsional vectoO of arbitrary real
valuestoaGR A Y S Y a A 2 yO) bf redl SaluasanNde ™ o
range (0, 1) that add up to 1.

Turns the output into a probabillity distribution on classes.

p(ck:l\x): C



How Good is a Network?

Softmax




Crossentropy loss function

ANegative logikelihood

0(ehiP) w1 TNQose
AMinimizing this is equivalent- [
to minimizing Kidivergence ..
on predicted and target *f\
probability distributions MR
Als it a good loss? |
ADifferentiable ;
ACost decreases as —
prObability increases UD U.I‘1 Df2 053 0I4 0.5 DIES U.I'-" D.IB UI"EJ' _1

PG| x)



How Good is a Network?

Softmax

Probability of class k given input (softmax):

o

e
ple=lx)=—=
2. ¢
j=1
(Per-sample) Loss; e.g., negative log-likelihood (good for classification
of small number of classes):

L(x!y;e):_zj yjlogp(CjLXT) Ranzaltgon

k




Training

Learning consists of minimizing the loss (plus some
regularization term) w.r.t. parameters over the whole training set.

P
0~ =arg min, anl L(x",y";0)



Training

Learning consists of minimizing the loss (plus some
regularization term) w.r.t. parameters over the whole training set.

P
0~ =arg min, anl L(x",y";0)

Question: How to minimize a complicated function of the
parameters?

Answer: Chain rule, a.k.a. Backpropagation! That is the procedure
to compute gradients of the loss w.r.t. parameters in a multi-layer
neural network.

19

Rumelhart et al. “Learning internal representations by back-propagating..” Nature 1986



Key Idea: Wiggle To Decrease Loss

Let's say we want to decrease the loss by adjusting W1 P
We could consider a very small e=1e-6 and compute:

Lix,y;0)

Lix,y;0\W"

i J?

1
W, +e)



Key Idea: Wiggle To Decrease Loss

Let's say we want to decrease the loss by adjusting W:,J..
We could consider a very small e=1e-6 and compute:

Lix,y;0)

L(x,y;0\W, W, +€)

I

Then, update:

W;J.<—W§,J.+esgn(L(x,y;9) L(x, y,G\WIJ,W +e))
Ranzaton



Derivative w.r.t. Input of Softmax

ple,=1lx)= Z =

1 k G
L(x,y;e):—zj y,log p(c|x) y=[00.010..0]

By substituting the fist formula in the second, and taking the
derivative w.rt. 0 we get:

0L

8_0: p(clx)—y

21
Ranzaton



Backward Propagation

oL

Given 0 L/0o and assuming we can easily compute the
Jacobian of each module, we have:

oL 0L 0o

ow:  do aw’

22



Backward Propagation

oL

Given 0 L/0o and assuming we can easily compute the
Jacobian of each module, we have:

oL 0L OJdo oL 0L oo

ow:  do aw’ on:> 00 on’

22



Backward Propagation

oL

Given 0 L/0o and assuming we can easily compute the

Jacobian of each module, we have:

oL 0L OJdo oL 0L oo
ow? 0o oW’ on> 0o an’
oL oL
= (ple|x)—y) B =W (ple]x)—y)»

ow’ oh’



Backward Propagation

oL
oh’

oL oL on 0L 0L on

ow?*  ont ow? oh'  on’ on'

Given

we can compute now:

24
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Backward Propagation

oL
oh'

0L 0L oh'
ow' on' ow'

Given

we can compute now:

25
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Backward Propagation

Question: Does BPROP work with ReLU layers only?

Answer: Nope, any a.e. differentiable transformation works.



But theRelLUs not differentiable at 0! .

\\\\\\\

T T T T
-------------

Right. Fudge!
-YnQ A& UKS o6Sau LXIFOS
R2yQu OFNB Fo62dzi GKS

- Y5 S peRdptrons

- ReLlhas unbounded positive response:
- Potential faster convergence / overstep



Backward Propagation

Question: Does BPROP work with ReLU layers only?

Answer: Nope, any a.e. differentiable transformation works.

Question: What's the computational cost of BPROP?

Answer: About twice FPROP (need to compute gradients w.r.t. input
and parameters at every layer).

Note: FPROP and BPROP are dual of each other. E.g.,:

FPROP BPROP
= <--n
- | I
w 1
-=-=

COPY
Y
A

26
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Optimization demo

Ahttp://www.emergentmind.com/neurainetwork

AThank you Matt Mazur



http://www.emergentmind.com/neural-network

Toy Code (Matlab): Neural Net Trainer

for i = 1 : nr_ layers - 1

[h{i} Jac{i}] = nonlinearity(W{i} * h{i-1} + b{i});
end
h{nr_ layers-1} = W{nr_ layers-1} * h{nr layers-2} + b{nr layers-1};
prediction = softmax(h{l-1});
loss = - sum(sum(log(prediction) .* target)) / batch_size;
dh{l-1} = prediction - target;
for i = nr layers - 1 : -1 : 1
Wgrad{i} = dh{i} * h{i-1}";
bgrad{i} = sum(dh{i}, 2);
dh{i-1} = (W{i}' * dh{i}) .*  Jac{i-1};
end
for i = 1 : nr layers - 1
W{i} = W{i} - (lr / batch_size) * Wgrad{i};
b{i} = b{i} - (lr / batch_size) * bgrad{i};
end

28
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Wow

false positives

what class

no good filtr

so misclassified

Dteenybiscuity

cool kernel



Stochastic Gradient Descent

ADataset can be too large to strictly apply gradient
descent.

Alnstead, randomly sample a data point, perform
gradient descent per point, and iterate.

ATrue gradient is approximated only
At AO1TAYy3 | &admniddcte 2F LR2AYyOGAY

Pick startingo and learning raté

While not at minimum:
A Shuffle training set

A For each data poirif m Xy oYl habcl@]; & 9Y[ A @

A Gradient descent



Stochastic Gradient Descent

Loss will not always
decrease (locally) as |
training data point is
random.

Still converges over
time.

Wikipedia



Gradient descent oscillations

Wikipedia



Gradient descent oscillations

Slow to
converge to
the (local)
optimum

Wikipedia



Momentum

AAdjust the gradient by a weighted sum of the
previous amount plus the current amount.

Awithout momentum: P p =

AWith momentum (new parameter):

PP F(' | H)



dziT WI Y S a X

XL O0K2dzZaK{O ¢S 6 SNJ
like a black box? | like black boxes.

Ur»

J2AY 3

Deep learning is:
- a black box

Training data Classifier




. dzih WI YSaxX

Ur»

XL O0K2dzZaAKIO 6S 6 SN
like a black box? | like black boxes.

J2AY 3

Deep learning is:
- a black box
- also a black art

MFD * GRID= TIMES ~TiRes  [RIGEE MENUS NPT
B A A RN *

SHELLo -m’-ﬂ’ CIEZP  cHAT

http://www.isrtv.com/



dziT WI Y S a X

XL O0K2dzaAKUO ¢S gSNB I2Ay3
like a black box? | like black boxes.

Many approaches and hyperparameters:

Activation functions, learning rate, mtbatch size,
Y2YSY Udzy X

Often these need tweaking, and you need to know
what they do to change them intelligently.



Nailing hyperparameters + tradadfs
' agﬂkaﬂa | .. 2nted on t ze: image.png ~

WOOT! Mailed the hyperparameters. 4 generator updates per discriminator update. Wait extra long before you
initiate the switch.

.3 jamestompkin
N \Well done - | wonder if we can turn hyperparameter nailing into the next e-Sport?

agokasla

' | am starting to think that the numeric instability of the model is starting to become a real issue. Lowering the
learning rate could make it more stable, but it would require lowering it by two orders of magnitude which would
make it take 100x longer to train right? (=



Lowering the learning rate =
smaller steps in SGD

I IV e - B
Iy y e . . \ \
177 7 NN\ \ O\ A L .
'II |II .'II |'I.l — '-._\\ '\.II.I. '-,llll |IIII l',ll

o) )T
s/ ) ) -Takes longer to get
/) )/  tothe optimum

Wikipedia



Flat regions In energy landscape



