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Reminders

e Homework g
— due Wed., Nov. 2nd
* Homework 6
— (not out yet)
— implement a Conv Net!



Outline

* Deep Neural Networks (DNNs)
— Three ideas for training a DNN
— Experiments: MNIST digit classification Part |
— Autoencoders
— Pretraining
 Convolutional Neural Networks (CNNs)
— Convolutional layers
— Pooling layers
— Image recognition
* Recurrent Neural Networks (RNNs)
— Bidirectional RNNs
— Deep Bidirectional RNNs
— Deep Bidirectional LSTMs
— Connection to forward-backward algorithm

Part Il



CONVOLUTIONAL NEURAL NETS



Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.
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Background: Image Processing
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Convolutional Neural Network (CNN)

CNN key idea:
Treat convolution matrix as
parameters and learn them!

Input Image @
Convolved Image

Learned
Convolution
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Model of vision in animals

@ [Hubel & Wiesel 1962]:

» simple cells detect local features

» complex cells “pool” the outputs of simple cells within a
retinotopic neighborhood.

“Simple cells”
“Complex cells”

pooling subsampling

Multiple
convolutions \ /

Retinotopic Feature Maps

Slide from William Cohen



Huber & Wiesel Video



Vision with ANNs

(LeCun et al., 1989)

Weight
sharing

Local Receptive
Fields

Pooling

/
/

Sub-sampling

Input image Convolutional layer
P & y layer

Slide from William Cohen




D (f*g)(t def/ f(r

What’s a convolution?

https://en.wikipedia.org/wiki/Convolution
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What’s a convolution?

https://en.wikipedia.org/wiki/Convolution
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What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo
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What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo
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What’s a convolution?

e Basic idea:
— Pick a 3x3 matrix F of weights

— Slide this over an image and compute the “inner
product” (similarity) of F and the corresponding
field of the image, and replace the pixel in the
center of the field with the output of the inner
product operation

* Key point:

— Different convolutions extract different types of
low-level “features” from an image

— All that we need to vary to generate these different
features is the weights of F

Slide from William Cohen



How do we convolve an image with
an ANN?

Note that the parameters in the matrix defining the
convolution are tied across all places that it is used

input neurons

222324 &4 first hidden laver
000006ccccoooooooanaa Tt
00000~

00000 ™

Slide from William Cohen



How do we do many convolutions of
an image with an ANN?

28 x 28 input neurons first hidden layer: 3 x 24 X 24 neurons

S

o

Slide from William Cohen



Convolutional Neural Network (CNN)

Typical layers include:
— Convolutional layer
— Max-pooling layer
— Fully connected layer
— (Nonlinear layer)
— Softmax

These can be arranged into arbitrarily deep topologies

PROC. OF THE IEEE, NOVEMBER 1998 7

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

32x32 6@26x28 $2: f. maps
6@14x14

I
| Full oonrtection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.

36



Example: 6 convolutions of a digit

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

5555555555

Ty . s
’ -,
8 e & Hey "'-:.‘."'
- 4 I ——

’l ’ " ', ! N

- g v

811 : .

| o

Slide from William Cohen



CNNs typically alternate convolutions,
non-linearity, and then downsampling

Downsampling is usually averaging or (more
common in recent CNNs) max-pooling




Convolution of a Color Image

* Colorimages consist of 3 floats per pixel for
RGB (red, green blue) color values

* Convolution must also be 3-dimensional

activation map

__— 32x32x3 image

5x5x3 filter /
2
@>@ *

convolve (slide) over all

spatial locations
32 28

3 1

Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)




Convolution of a Color Image

Animation of 3D convolution

Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)

40



Max-pooling

Single depth slice

X 1 11| 2| 4
max pool with 2x2 filters
51 6 |7 |8 and stride 2
312 |1]0
11 2|3 | 4
y

Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)




Max-pooling

224x224x64

pool
——

|

112x112x64

|

> o 112
224 downsampling
112

224

Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)
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Why do max-pooling?

* Saves space
* Reduces overfitting?

* Because I’'m going to add more convolutions after it!

— Allows the short-range convolutions to extend over larger
subfields of the images
* So we can spot larger objects
* Eg, along horizontal line, or a corner, or ...

PROC. OF THE IEEE, NOVEMBER 1998 7

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
INPUT 6@26x28 ps 16@
S2: f. maps

32x32
6@14x14

I
| Full oonrtection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.
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Another CNN visualization

Slide from William Cohen



Network Visualization

input (24x24x1) Activations:
max activation: 0.99607, min: 0

(7)(2)()(ET)(%) () ()(F)

filter size 5x5x1, stride 1

max activation: 2.96187, min: -5.4735 -‘ f g L5 :- f - J
max gradient: 0.00068, min: -0.0018 —
parameters: 8x5x5x1+8 = 208 Actlvatlon Gradients:

(")(J')("’ J(ED()(=)(*)(F)

Activations:

e N e e i
mmm-mmﬂ

pool (12x12x8) Activations:
pooling size 2x2, stride 2
max activation: 2.96187, min: 0

Activation Gradients:

max gradient: 0.00106, min: -0.00102 EEEEEEE*
e B

Slide from William Cohen



Why do max-pooling?

* Saves space
* Reduces overfitting?

* Because I’'m going to add more convolutions after it!

— Allows the short-range convolutions to extend over larger
subfields of the images

* So we can spot larger objects
* Eg, along horizontal line, or a corner, or ...

* At some point the feature maps start to get very sparse and
blobby - they are indicators of some semantic property, not
a recognizable transformation of the image

* Then just use them as featuresin a “normal’” ANN

Slide from William Cohen



Network Visualization
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conv (12x12x16) Activations:
filter size 5x5x8, stride 1

max activation: 5.58937, min: -11.45423
max gradient: 0.00053, min: -0.00106

Activation Gradients:

parameters: 16x5x5x8+16 = 3216 : - o A
Weights:
(% (1 ) ) Y ) (N
Activations: TR
d ’ - - =)
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relu (12x12x16)
max activation: 5.58937, min: 0
max gradient: 0.0007, min: -0.0011

Acti\(ation Gradient_s:

» . ..
. - 1 - . . e 1 . -’
. | . se |} . .

Activations:

softmax (1x1x10) Activations:
max activation: 0.99864, min: 0 ENEEE EEEE
max gradient: 0, min: 0

Slide from William Cohen
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Alternating convolution and
downsampling

5 layers up

The subfield
in alarge
dataset that
gives the
strongest
output for a
neuron




Example: Image Classification
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® ” - a = About Download

Not logged in. Login | Signup

Bird 'E
2126 92.85% -
Warm-blooded egg-laying vertebrates characterized by feathers and forelimbs modified as wings pictures ESPC‘:!?.E'.}Z h‘\)/grdnet

;- marine animal, marine creature, sea animal, sea creature (1)
P scavenger (1) Treemap Visualization Images of the Synset Downloads
- biped (0)
I, predator, predatory animal (1)
i larva (49)
- acrodont (0)
- feeder (0)
- stunt (0)
- chordate (3087)
| tunicate, urochordate, urochord (6)
| cephalochordate (1)
. vertebrate, craniate (3077)
©- mammal, mammalian (1169)
+- bird (871)
dickeybird, dickey-bird, dickybird, dicky-bird (0)
i cock (1)
- hen (0)
- nester (0)
i~ night bird (1)
- bird of passage (0)
- protoavis (0)
- archaeopteryx, archeopteryx, Archaeopteryx lithographi
- Sinornis (0)
- |bero-mesornis (0)
- archaeornis (0)
I ratite, ratite bird, flightless bird (10)
- carinate, carinate bird, flying bird (0)
I passerine, passeriform bird (279)
- nonpasserine bird (0)
I, bird of prey, raptor, raptorial bird (80)
| gallinaceous bird, gallinacean (114)




IMAGENET - L

21841 synsets indexed
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. succulent (39) Treemap Visualization Images of the Synset Downloads
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- weed (54)
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- vine (272)
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- tuberous plant (0)

- bulbous plant (179)
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IMAGENET I Bl sowces

14,197,122 images, 21841 synsets indexed

Not logged in. Login | Signup

Court, courtyard 165 92619 O

An area wholly or partly surrounded by walls or buildings; "the house was built around an inner court" pictures gggcu;ﬂrtiﬁg :ggrdnet

U Numbers in brackets: (the number of synsets in the subtree ). Treemap Visualization |mage5 of the Synset Downloads

¥ ImageNet 2011 Fall Release (32326)
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Example: Image Classification

CNN for Image Classification
(Krizhevsky, Sutskever & Hinton, 2012)
15.3% error on ImageNet LSVRC-2012 contest

Input * Five convolutional layers _
image (w/max-pooling) 1000-way
(pixels)  Three fully connected layers softmax

. N 3\\\ N 3 \:\—‘-‘ EN \F-- }
N LN 7 3 [N AN
5 \ 3 :\:\\:_Z:‘__‘ = “1 3\
s AN o oag \dense

192 192 128
48 58 T b e

AN 13 13

N
S
o
N
o
0

R 13 = e dense| |dense
L - 27 3 » :,\‘\\ 3 B ___13- 13
3| N 1000
\ 192 192 128 Max
224 3

Max 128 Max pooling 2048 2048
pooling pooling




CNNs for Image Recognition

‘Research

Revolution of Depth

25.8

152 layers

\"n
[ 22 layers ] [ 19 Ia',fers
1». 6.7 I

i I"‘ I I 8 layers ‘| 8 layers shallow

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

ImageNet Classification top-5 error (%)

=ICCVID

v St m ey foor

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015.

56
Slide from Kaiming He



RECURRENT NEURAL NETWORKS



Data:

Dataset for Supervised
Part-of-Speech (POS) Tagging
D = {',L,(n)’ y(n)}ﬁ/:1

we: @ @ @ @ @ P
}
e @ @ @ @ @
} =
e @ @ ©@ ©@ © 7
OO, }
- @ @ © @ @O
L
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Dataset for Supervised
Handwriting Recognition
Data: D = {z™, y" N

00000000 O
ANEEEEEEE
S Tolof Yool
{PRICAC

B CIOIONOIOX IOXO,

AGHEA0EEE

Figures from (Chatzis &



Dataset for Supervised
Phoneme (Speech) Recognition
Data: D = {«™, ym N

Yy
L —‘ :7. “ ‘ = mw I g

ﬂ _ A el

T OO0@O00®
S L. . S ] Il

%&m_ — _‘“
g § - . = .

Figures from (Jansen & Niyogi, 2013)



Time Series Data

Question 1: How could we apply the neural networks we’ve
seen so far (which expect fixed size input/output) to a
prediction task with variable length input/output?

®© 0 ©®© @ O !
& Fe
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Time Series Data

Question 1: How could we apply the neural networks we’ve
seen so far (which expect fixed size input/output) to a
prediction task with variable length input/output?




Time Series Data

Question 2: How could we incorporate context (e.g.

words to the left/right, or tags to the left/right) into our

® I
& F-

solution?

0,
O,

Multiple
Choice:

Working left-
to-right, use
features of...

O,
O,

o,
O,

N & Xi+1 Yi-1 Vi Yit1
A v
B v
C v v
D v v v v
E v v v v v
F v v v v
G v v v v v
H v v v v v v
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Recurrent Neural Networks (RNNs)

inputs: x = (21, Z2,...,z7),2; € RY | Definition of the RNN:
hidden units: h = (hy, ko, ..., hy), hi € R | bt = H (Wenze + Whnhi—1 + by)

outputs: y = (y1,¥2,-.-,yr), % € R® | yr = Wpyhe + by,
nonlinearity: H
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inputs: x = (21, Z2,...,z7),2; € RY | Definition of the RNN:
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Recurrent Neural Networks (RNNs)

Definition of the RNN:
he = H(Wenxy + Whnhi—1 + bp)
Yt = Whyht + by

inputs: x = (x1,x2,...,27),2; € R!
hidden units: h = (h1, ha,...,hr), h; € R’

outputs: y = (y1,¥2,...,yr),yi € R®
nonlinearity: H

66



Recurrent Neural Networks (RNNs)

inputs: x = (x1,22,...,27),2; € R’
hidden units: h = (hy, ho,...,h7),hi € R’

outputs: y = (y1,¥2,---,yr), ¥i € R™
nonlinearity: H

Definition of the RNN:
hy = H Wenze + Whnhi—1 + bp)
Yt — Whyht + by



Recurrent Neural Networks (RNNs)

inputs: x = (1, %2, ..., z7),2; € RT | Definition of the RNN:
hidden units: h = (h, ho, ..., he),hi € R7 | e = H (Wenxy + Whnhi—1 + bp)

outputs: y = (y1,¥2,-.-,yr), % € R® | yr = Whyhe + by,
nonlinearity: H
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Recurrent neural
network:

cangider’
BPTT: e
1. Unroll the W
computation
over time

2. Run
backprop
through the
resulting feed-

- forward
X,

network



inputs:

hidden units:

outputs

nonlinearity:

Bidirectional RNN

Recursive Definition:

X = ($17$27 . JxT)axi S RI N N
R~ Bo=H(W,po+ Woph+bp

%
:y:(ylawa--ny),yiERK ht:H(Wx%xt_FW(ﬁ% t—{—l"‘b(ﬁ




Bidirectional RNN

Recursive Definition:

inputs: x = (z1,22,...,27),T; e R! N N
% p—
hidden units: h and (H hy="H (Wwﬁxt + Wﬁﬁ fria+ bﬁ)

— —
outputs: y = (y1,y2,-..,yr),yi €R* | he=H (Wx%xt + Wos hia + b%)

nonlinearity:

X

> ¢
yt:Wﬁyht—'—W(ﬁyht_*_by

< < < <
r+++



Bidirectional RNN

Recursive Definition:

inputs: x = (z1,22,...,27),T; e R! N N
% p—
hidden units: h and (H hy="H (Wwﬁxt + Wﬁﬁ fria+ bﬁ)

— —
outputs: y = (y1,y2,-..,yr),yi €R* | he=H (Wx%xt + Wos hia + b%)

nonlinearity:

X

> ¢
yt:Wﬁyht—'—W(ﬁyht_*_by

< < < <
r+++



Bidirectional RNN

Recursive Definition:

inputs: x = (z1,22,...,27),%; € R N —
he=H (Wxﬁfﬂt +Woo hir + bﬁ)

%
hidden units: h and E
— —
outputs: y = (y1,¥2,...,yr), 4 €ER* | hi=™H (Wml’t + Wos by + b%)

nonlinearity:

X

— —
ytZWﬁyht-l-W%yht-l—by

rl /|
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Deep RNNSs

inputs: x = (21,22, ...,27),T; € RI Recursive Definition:

outputs: y = (y1,¥2,---,yr),¥i € R™ P =M (Whn-1pnhy ™ 4+ Whapn by + b}Y)

nonlinearity: H

Y = WhNyhiV + by

- Yt Yt [

s Lt—1 Lt Lt41 - - -

: 74
Figure from (Graves et al., 2013)



Deep Bidirectional RNNs

inputs: x = (r1,22,...,27),%; € RI

outputs: y = (y1,92,...,yr), ¥ € R®
nonlinearity: H

Figure from (Graves et al., 2013)
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Long Short-Term Memory (LSTM)

Motivation:

* Standard RNNs have trouble learning long
distance dependencies

e LSTMs combat this issue




Long Short-Term Memory (LSTM)

Motivation:
* Vanishing gradient problem for Standard RNNs

* Figure shows sensitivity (darker = more sensitive) to the input at
time t=1
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Figure from (Graves, 2012)
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Long Short-Term Memory (LSTM)

Motivation:
e LSTM units have arich internal structure

* The various “gates” determine the propagation of information
and can choose to “remember” or “forget” information
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Figure from (Graves, 2012)



Long Short-Term Memory (LSTM)

79



Long Short-Term Memory (LSTM)

Tt Lt

L
/7

it = 0 (Waize + Whihe—1 + Weici—1 + b;)

ft =0 Wypze + Whrhi—1 + Weper—1 + by)
ct = frci—1 + iy tanh (Wiexy + Wihchi—1 + be)
or = 0 (Waoxs + Whohi—1 + Weocr + by)

h: = o tanh(cy)
Figure from (Graves et al., 2013)
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Long Short-Term Memory (LSTM)




* Figure: input/output
layers not shown

* Same general
topology as a Deep
Bidirectional RNN,

Deep Bidirectional LSTM (DBLSTM)
but with LSTM units
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i * No additional
/ representational
power over DBRNN,
- but easier to learn in
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How important is this
particular architecture?

T

Jozefowicz et al. (2015)
evaluated 10,000

Deep Bidirectional LSTM (DBLSTM)
different LSTM-like

T %

%‘ \T architectures and
/
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A

that worked just as
well on several tasks.

N
/ found several variants
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Summary

— Are used for all aspects of computer vision, and have
won numerous pattern recognition competitions

— Able learn interpretable features at different levels of
abstraction

— Typically, consist of convolution layers, pooling layers,
nonlinearities, and fully connected layers

* RNNs

— Applicable to tasks such as sequence labeling, speech
recognition, machine translation, etc.

— Able to learn context features for time series data

— Vanishing gradients are still a problem — but LSTM units
can help



Tutorials

* LSTMs
— Christopher Olah’s blog

* Convolutional Neural Networks
— Andrej Karpathy, CS231n Notes



