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Stacking layers

Input Intermediate Output
representation representation representation
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o9 How Neural Networks work?
8 Neurons:
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h = “hidden units”
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Computation in a neural net — Full Layer

Linear layer y=Wx+Db
Input Output W11 0 Winypay (bl v
representation representation || s [ X2 + |b2] = |2
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How do we learn the parameters?

Y1
“dog”

JV

— L(fo(x1),y1)
/ AN

predicted ground truth

Learned —_— (91 92 (93 (94 (95 06

N
0* = arg min Z L(fo(xi),¥3)

0 1=1



Computation has a simple form

« Composition of linear functions with nonlinearities in between

- E.g. matrix multiplications with ReLU, max(0, X) afterwards

* Do a matrix multiplication, set all negative values to O, repeat

But where do we get the weights from?



Training neural networks



Let’'s start easy



world’'s smallest neural network!
(a “perceptron™)




Training a Neural Network

Given a set of samples and a Perceptron

{mi: yt}
y = frer(z; w)

Estimate the parameter of the Perceptron

w



Given training data:

x Y

10 | 10.1
2 1.9
3.5 | 3.4
1 1.1

What do you think the weight parameter is?

Y = W



Given training data:

T Y
10 | 10.1
2 1.9
3.5 | 3.4
1 1.1

What do you think the weight parameter is?
Y = wr

not so obvious as the network gets more complicated so we use ...



An Incremental Learning Strategy

(gradient descent)

Given several examples

{(z1,91), (2, %2),-. ., (ZN,yN)}

and a perceptron

o

Y = W



An Incremental Learning Strategy

(gradient descent)

Given several examples

{(z1,91), (2, %2),-. ., (ZN,yN)}

and a perceptron

o

Y = W

Modify weight W suchthat ¢ gets ‘closer’to Y



An Incremental Learning Strategy

(gradient descent)

Given several examples

{(z1,11),(z2,92),-.., (ZN,YN)}

and a perceptron

o

Y = W

Modity weight such that '3} gets ‘closer’ to

perceptron perceptron true
parameter output label
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L1 Loss L2 Loss

£(G,y) = |7 -yl g, y) = (G —y)°

Zero-One Loss Hinge Loss
£(9,y) = 1[g =y £(9,y) = max(0,1 —y-g)




Gradient descent:

update rule:



Geoff Hinton after writing the
paper on backprop i 1986
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Backpropagation
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Backpropagation iﬁ
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Ll

—— ...Is the rate at which this will change...

dw
L)
L=-(y—9)° <

2

the loss function

... per unit change of this

y—G

the weight parameter

Let’'s compute the derivative...



Compute the derivative

e d (1,
%—%{ﬁ(y—y)}
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That means the weight update for gradient descent is:

w = U — vw move in direction of negative gradient

=w+ (y — )z



Gradient Descent (world’s smallest perceptron)

For each sample

(i, ¥i }

1. Predict

a. Forward pass i = wx;

b. Compute Loss L, = l(ym _ Q)Q

2
2. Update
. dLl; .
a.Back Propagation = —(y; — 9)z; = Vw
w

b.Gradient update w=w— Vw



multi-layer perceptron

function of FOUR parameters and FOUR layers!



sum  activation activation activation

input weight weight weight
r —w - wo f— w3 |—
input hidden hidden output
layer 1 b 1 layer 2 layer 3 layer 4




activation activation
weight weight

hidden
layer 2

hidden output
layer 3 layer 4




activation activation
weight weight

hidden
layer 2

hidden output
layer 3 layer 4




:’.\ . . o . .
& sum  activation activgtion

input weight weight

Wwo

input “hidden “hidden
layer 1 b 1 layer 2 layer 3

a1 = w1+ by

activation

output
layer 4



input weight

r — Wi

input “hidden
layer 1 bl layer 2

4:’.‘ . .
& sum  activation

weight

Wwo

“hidden
layer 3

activation

output
layer 4



sum  activation ra activation

input weight weight { weight
r — Wi b— (15 w3 Y
input hidden hidden __ output
layer 1 b 1 layer 2 layer 3 layer 4




sum  activation & i activation

input weight weight { weight

layer 1 b 1 layer 2 layer 3

a1 = w1+ by
az = ws - f1(wy - x + b1)
a3 = ws - fo(wg - f1(wy -z + b1))



r — W

layer 1 bl

a1 = w1+ by
az = ws - f1(wy - x + b1)
a3 = ws - fo(wg - f1(wy -z + b1))



sum  activation activation

a1 = w1 -+ b1
az = ws - f1(wy - x + b1)
a3 = ws -+ fo(wa - fi(wy -z + by))
y = f3(ws - fa(wg - fi(wi-z+b1)))



Entire network can be written out as one long equation

y = fa(ws - fa(wz - fi(w1 -z + b1)))

We need to train the network:
What is known? What is unknown?



Entire network can be written out as a long equation

y = fs(ws - fa(wz - f1(ws & b1)))

A

\\ nown

We need to train the network:

What is known? What is unknown?



Entire network can be written out as a long equation

y = fa(ws - fa(wz - fi(w1 -z + b1)))

AR OA A A A
4 \ k /

activation function - .

sometimes has - unknown -

parameters

We need to train the network:
What is known? What is unknown?



Learning an MLP

Given a set of samples and a MLP
{mi: y’t}
y = fmrp(z;0)

Estimate the parameters of the MLP

f={f,w,b}



Gradient Descent
For each random sample {z;,v;}
1. Predict
a. Forward pass 4§ = fmrp(zi;0)
b. Compute Loss

2. Update
oL o
D vector of parameter partial derivatives

a.Back Propagation o0

b. Gradient update -

vector of parameter update equations



SO we need to compute the partial derivatives

oL | 9L 0L AL oL
89 N _8w3 8‘&)2 c':hul c’:)b_




Remember,

oL

Partial derivative —— describes...
6‘11}1

affg;t_. »

this
V ~Ls
O
_.-.'-'IJ:M.‘W.
. _H' (loss layer)
z —{ Wi~ — w2 — w3 — Y




According to the chain rule...

OL _ OL 0fs das
Ows  Ofs Oas Ows

Intuitively, the effect of weight on loss function : _gL

w3

Mwu*{_ﬂ__...-——"‘ " *“\
V)
rest of the network = = = fz — wS ?j L(y’

v depson \ﬂ_//
depends on
8f3 depends on

dag daz oL
ows s



rest of the network fz — wS —>—> :{j L(y’ ?3)

AL _ QL Ofs das
8’&)3 - 8f3 8&‘,3 8’11,’3

Chain Rule!



rest of the network fz — wS —>—> :{j L(y’ ?3)

0L  OL dfs das
Ows ~ Ofs Oas Ows
. O0f3 Oas
- _n(y Bl y) 8a3 8w3 |
Just the partial

r—
derivative of L2 loss
ﬂ#ﬂfﬂ#’:’:.l.




rest of the network fz — wS —>—> :{j L(y’ ?3)

0L L dfs das

Ows  Of3 Oas Ows /\
_ ( . A)afg 8&‘,3 .
A Y 8a3 8w3 \’

Let's use a Sigmoid function

ds(r)
) 51— @)




rest of the network f2 — "u}B —>—> ?j L(y’ Q)

AL _ OL 9fs das
8’&)3 - afg 8@3 6w3
_ ( . A)afB 8(13
Y Y 3{13 6w3
. 0
= —n(y —9)f3(1 — f3)ﬂ

(‘)wg

= —n(y — 9)f3(1 — f3)fo




Gl

oL o oL 8f3 8{1,3 8f2 8{1,2

Owy  Ofs Oasz O Fy Dag Owo




el

-

oL | 0L 8f10as 87, das

c':?wg afg 6a3 !an 8a2 611;2

already computed.
re-use (propagate)!



The chain rule says...

depends on

74
Tr — W1

/

b1

depends on

wo

depends on

depends on depends on depends on

depends on

8_L o 8L 8f3 8a3 afz aag 8f1 8&1
8‘&)1 - 8f3 8&,3 afz aag af1 8(1,1 8w1




The chain rule says...

depends on

74
Tr — W1

/

by

depends on

oL

Ow

w2

depends on

depends on depends on depends on

depends on

_ L 81;;5@3 O0f2|0a2 O0f1 Oaq
R bfﬁ das af2 daz afl da1 0w

already computed.
re-use (propagate)!



depends on

r — W1~ al‘jﬁ — W2

/

depends on dep

ends on

oL [OL 8fs)das

dws <T 0 f3 dasjOws
oL *| 0L 0fs|daz df2 Das

Owy | fs Baz|0fs Baz Ows

% o oL 8f3 8(13 8]’2 8@2 8f1 8(1,1

8’11)1 - 8f3 8a3 an aaz 8f1 8&1 8’11}1
% 0L 0f3 Dag O fy Dag Of1 Oay
ob - 8f3 8a3 8f2 8@2 é)fl 8@1 ob




depends on

/

depends on depends on

OL  OL Ofs Das
dws  Ofs daz Ows
oL [OL Ofs Oaz 013)0as

8’&)26 8f3 8&3 8f2 8a2 W9

- | OL 0J3 Oas 0> E az 0f1 day
8’11)1 a O0f3 Oas Ofz 0az0f1 a1 0wy
oL OL Ofs Oaz Ofg Oas Of1 Oaq

b ~ Ofs 0az Ofy Oay OFf, Oay Ob




depends on

qal‘fl_

/

depends on depends on

oL 0L 0f3 Oas
Ows ~ Ofs Oaz Ows
0L  OL 0fs daz 0f2 Das
Owy  Ofs Oas dfa day dws

oL 30a3 U Jg OGg U J1 Pay

dw, | dfs Das Ofs Dag Of1 Hay Ow,
((M'.gz g3 dag dJo Oag 0J1 0aq

ob 8f3 8a3 8f2 6&2 8f1 8&1 \81)




Gradient Descent
For each example sample
1. Predict
a. Forward pass
b. Compute Loss
2. Update

a. Back Propagation

b. Gradient update

1Ti Yi )}

¥ = fmrp(zi; 0)
L;

oL _ DL 0fs dag
611)3 N 8f3 Bag 8’(1)‘3
OL _ OL Ofs Day Of; day

dws  Ofs Bas Of2 Hag Ows
L AL Ofs Dag dfs Dag Ofy day

w3 = w3 — Vw3

wo = wa — NVws

wy = w1 —nVw;
b=b—nVb



Gradient Descent

For each example sample {mhgﬁ}

1. Predict
a.Forward pass J = fmp(i; 0)
b. Compute Loss L
2. Update
oL
a. Back Propagation EY)
vector of parameter partial derivatives
oL
()« O — -rjﬁ

b. Gradient update

vector of parameter update equations
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Learning rates

1’ | original g

oL Step size: learning rate
0 -n— Too big: will miss the minimum
0 Too small: slow convergence

negative gradient direction



Learning rate scheduling

* Use different learning rate at each iteration.

* Most common choice:
No

Nt \/E

Need to select initial learning rate ng

More modern choice: Adaptive learning rates.

veof(), )

Many choices for G (Adam, Adagrad, Adadelta).



Momentum Update  guadien

update
90 - n‘z—g //

o momentum

Take direction history

L
+ (1 —w)A6O ,
into account!

" o6

weights grad = evaluate gradient(loss fun, data, weights)
vel = vel * 0.9 - step size * weights grad
weights += vel

AO «




Many other ways to perform optimization...

- Second order methods that use the Hessian (or its
approximation): BFGS, LBFGS, etc.

- Currently, the lesson from the trenches is that well-tuned
SGD+Momentum is very hard to beat for CNNSs.

- No consensus on Adam etc.: Seem to give faster
performance to worse local minima.






Convolutional Neural
Networks
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I HOME -
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CONNECT

THELATEST

POPULAR MOST SHARED

]U BREAKTHRUUGH Introduction The 10 Technologies Past Years
rll‘l
zzad TECHNOLOGIES 2013
Temporary Social Prenatal DNA Additive Baxter: The Blue-
Media Sequencing Manufacturing Collar Rohot
Reading the DNA of
With massive amounts fetuses will be the Rodney Brooks's
of computational next frontier of the Skeptical about 3-D newest creation is
power, machines can Messages that quickly genomic revolution. printing? GE, the easy to interact with,
now recognize objects seli-destruct could But do you really want world's largest but the complex
and transiate speach enhance the privacy of to know about the manufacturer, is on innovations behind the
in real time. Arfificial online communications genetic problems or the verge of using the robot show just how
intelligence is finally and make people freer musical aptitude of technology to make jet hard itis to get along
getting smart. to be spontaneous. your unborn chid? parts. o with people. e
Memory Implants Smart Watches Ultra-Efficient Solar Big Data from Supergrids



(Unrelated) Dog vs Food

> |
eeec0 Verizon T 4:20 PM 76% . eseeee \lerizon T 4:20 PM 34% >4

{ Albums  chihuahua or muffin Select < Albums puppy or bagel Select

BB karen zack teenybiscut Mar 7
;' puppy or bagel 7
.0 0

ry

[Karen Zack, @teenybiscuit]



(Unrelated) Dog vs Food
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eeeeo Verizon F 4:20 PM 69% W eeec0 Verizon F 4:20 PM 69% W._»
<{ Albums shiba or marshmallow Select { Albums  kitten or ice cream Select

[Karen Zack, @teenybiscuit]



CNNs in 2012: “SuperVision”
(aka “AlexNet”)

“AlexNet” — Won the ILSVRC2012 Challenge

(€3]

Major breakthrough 15 3% Top-5 error on ILSVRC2012
(Next best: 25.7%)
224 I R i s T T % > >
57 EN T = 3| ) R 13 dense | [dense
% sl 3| N 1000
N 192 192 128 Max L -
224 S'i/}‘ide Max 8 Max pooling 2048 2048
Uof 4 pooling pooling

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
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624—64,896—64,896—43,264—

4096-4096-1000.
[Krizhevsky, Sutskever, Hinton. NIPS 2012]



Recap: Before Deep Learning

N IJ___IIIIIIIII__I
A 7 Z: M > e II,I__l IW 1
R .M Vs pl Wi — [svM |— Ans

A\
Input Extract Concatenate into  Linear
Pixels Features a vector x Classifier

Figure: Karpathy 2016



The last layer of (most) CNNs are
linear classifiers

This piece is just a linear classifier

(GoogLeNet)
Input Perform everything with a big neural
Pixels network, trained end-to-end

Key: perform enough processing so that by the time you get
to the end of the network, the classes are linearly separable



ConvNets

They're just neural networks with
3D activations and weight sharing



What shape should the
activations have?

X — Layer — h(l)—> Layer —> h(z)—p cee —» f

\

- The input is an image, which is 3D
(RGB channel, height, width)




What shape should the
activations have?

X — Layer — h(l)—> Layer — h(z)—p cee —b f

\

- The input is an image, which is 3D
(RGB channel, height, width)

- We could flatten it to a 1D vector, but then
we lose structure



What shape should the
activations have?

X — Layer — h(l)—> Layer — h(z)—p cee —b f

\

- The input is an image, which is 3D
(RGB channel, height, width)

- We could flatten it to a 1D vector, but then
we lose structure

- What about keeping everything in 3D7



ConvNets

They're just neural networks with
3D activations and weight sharing



3D Activations

before:

output layer
input
layer hidden layer (1D vectors)

Figure: Andrej Karpathy



3D Activations

before:
output layer
input
layer hidden layer (1D vectors)
NOW: X h, h,
(3D arrays)

Figure: Andrej Karpathy



3D Activations

All Neural Net
activations

arranged in 3
dimensions:

Figure: Andrej Karpathy

HEIGHT

/ WIDTH
>

DEPTH



3D Activations

All Neural Net
activations

arranged in 3
dimensions:

HEIGHT

/ WIDTH

For example, a CIFAR-10 image is a 3x32x32 volume
(3 depth — RGB channels, 32 height, 32 width)

Figure: Andrej Karpathy

DEPTH



3D Activations

1D Activations:

™~
70

O OO

Figure: Andrej Karpathy



3D Activations

1D Activations: 3D Activations:

32
a hidden neuron in

—0 =0

O OO

32

Figure: Andrej Karpathy



3D Activations

32

32

Figure: Andrej Karpathy

a hidden neuron in
next layer

- The input is 3x32x32

- This neuron depends

on a 3xbx5 chunk of
the input

- The neuron also has a

3x5x5 set of weights
and a bias (scalar)



3D Activations

Example: consider the
32 region of the input “X"”
xr a hidden neuron in
next layer . 7
@>O With output neuron F
.
5 h
32

Figure: Andrej Karpathy



3D Activations

Example: consider the
32 region of the input “X"”
xr a hidden neuron in
next layer . 7
@>O With output neuron F
h' .
5 Then the output is:
32
h = Zx Wi +0

ijk

Figure: Andrej Karpathy



3D Activations

32

32

Figure: Andrej Karpathy

a hidden neuron in
next layer

hr

Example: consider the
region of the input “X"”

With output neuron i’

Then the output is:

h' = zxrijku/ijk +b

ijk

Sum over 3 axes



3D Activations

32
xr a hidden neuron in
next layer
@>O
hr
5 1
32

Figure: Andrej Karpathy



3D Activations

32
xr a hidden neuron in
next layer
@>@ O
¥ r
5 h 1 h 2
32

Figure: Andrej Karpathy



3D Activations

2 With 2 output neurons

X a hidden neuron in

tl ro v
o h') = ZJC Wi by
5 O ijk

n,h
e h', = zxrijkWszk +b,

ijk

Figure: Andrej Karpathy



3D Activations

2 With 2 output neurons

X a hidden neuron in
next layer roo__ r
@>@ o T2l

ijk
r r
hl h2

h', = Zxrijkuﬁtjk T

ijk

Figure: Andrej Karpathy



3D Activations

depth dlmen5|on

@>ooooo

32

Figure: Andrej Karpathy



3D Activations

32 depth dimension

@>ooooo

32

Figure: Andrej Karpathy

We can keep adding
more outputs

These form a column
In the output volume:
[depth x 1 x 1]



3D Activations

32

32

Figure: Andrej Karpathy

depth dimension

@>ooooo’
|

\I/

Each neuron has its
own 3D filter and
own (scalar) bias

We can keep adding
more outputs

These form a column
In the output volume:
[depth x 1 x 1]



32

3D Activations

32

=0 000D

>

D sets of weights
(also called filters)

Figure: Andrej Karpathy

Now repeat this
across the input



3D Activations

Now repeat this

> across the input

[~
@\>O OO0

— Weight sharing:
Each filter shares
32 the same weights

3 (but each depth
« > INndex has its own

D sets of weights set of weights)

(also called filters)

Figure: Andrej Karpathy



32

3D Activations

=0 0000

32

D sets of weights
(also called filters)

Figure: Andrej Karpathy



32

3D Activations

32

=0 000D

>

D sets of weights
(also called filters)

Figure: Andrej Karpathy

With weight

sharing,

this is called
convolution



3D Activations

With weight
sharing,
this Is called

- convolution
@R>O OOOP

Without weight
sharing,

this is called a

P R locally

D sets of weights connected layer
(also called filters)

32

32

Figure: Andrej Karpathy



3D Activations

Output of one filter One set of vveightS gives

/ one slice in the output

N\

To get a 3D output of depth D,
ﬁ§> use D different filters
"
/ In practice, ConvNets use
| | / many filters (~64 to 1024)
(input (output

depth) depth)



3D Activations

Output of one filter One set of vveightS gives

/ one slice in the output

/]

§> use D different filters

To get a 3D output of depth D,

/ In practice, ConvNets use

L _ - many filters (~64 to 1024)
(input (output
depth) depth)

All together, the weights are 4 dimensional:
(output depth, input depth, kernel height, kernel width)



3D Activations

We can unravel the 3D cube and show each layer separately:

(Input)
“ CINEEREDNNZIIAYREENE SESARTINEERESR S

one filter = one depth slice (or activation map) ( 32 f i|’[er8, each 3X5X5)
Activations:

.ﬁ..-
=N =AU
Bt AR 75N
BN TS

Figure: Andrej Karpathy



3D Activations

We can unravel the 3D cube and show each layer separately:

(Input)
) CINEEREDNNZIIAYREENE SESARTINEERESR S

u one filter = one depth slice (or activation map) ( 32 fj |’[erS, each 3X5X5)

Activations:

B N TS

Figure: Andrej Karpathy



3D Activations

We can unravel the 3D cube and show each layer separately:
(Input)

Activations:

GO ALY B TASTUEET BT 1 LB P
one filter =\gne depth slice (or activation map) (32 fi|’[er8, each 3)(5)(5)

: jp—
4 . \\_\ |

Figure: Andrej Karpathy




3D Activations

We can unravel the 3D cube and show each layer separately:
(Input)

’
L

Activations:

O ELRETRIEYD B TASTEET BE T LB
one filter =\gne depth slice (or activation map) (32 fi|’[er8, each 3)(5)(5)

T T b
=N )

> @ -
Figure: Andrej Karpathy
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