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Menu for Today

Topics:

— Backpropagation — Pooling Layer?
— Convolutional Layers

— Today’s Lecture: N/A
— Next Lecture: N/A

Reminders:

— Assignment 6. Deep Learning is out

— Material for Final Prep will make available on Canvas this weekend



VWhat we have seen so far

— Started from talking about linear classification / regression

— Defined a neuron

— Defined neural network (how to build one from neurons) and terminology
— Discussed properties of neural networks (light theory and universality)

— Learning parameters of neural network
— Stochastic Gradient Discent

— Computational Graph and Gradients
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A Neuron

weights

Lecture 20: Re-cap @

activation function

inputs @ +0 @ Y output

N
y=17r (sz% - b)
i—1

— The basic unit of computation in a neural network is a neuron.

— A neuron accepts some number of input signals, computes their weighted
sum, and applies an activation function (or non-linearity) to the sum.

— Common activation functions include sigmoid and rectified linear unit (RelLLU)



Lecture 20: Re-cap Neural Network

A neural network comprises neurons connected in an acyclic graph
The outputs of neurons can become inputs to other neurons
Neural networks typically contain multiple layers of neurons

output layer
iInput layer

hidden layer Figure credit: Fei-Fel and Karpathy

Example of a neural network with three inputs, a single hidden layer of four
neurons, and an output layer of two neurons



Lecture 20: Re-cap Neural Network

Note: each neuron will have its own vector of weights and a bias, its easier to think

of all neurons in a layer as a single entity with a matrix of weights (size = number of
iNnputs X number of neurons) and a vector of biases (size = number of neurons)

output layer
iInput layer

hidden layer Figure credit: Fei-Fel and Karpathy



Lecture 20: Re-cap Neural Network

Note: each neuron will have its own vector of weights and a bias, its easier to think

of all neurons in a layer as a single entity with a matrix of weights (size = number of
iNnputs X number of neurons) and a vector of biases (size = number of neurons)

output layer
iInput layer

hidden layer Figure credit: Fei-Fel and Karpathy



Activation Function

'57 — f(X, W17W27 b17 b2) — 0 (W§2X4)U (WYLXB)X ™ b§4)) T bgz))
= W (W% 4 b)) 4+ b

_ W§2><4)W§4>‘<3)X n W§2x4)b§4) n b§2)

W>(k2><3) b(2)

output layer
iInput layer

hidden layer Figure credit: Fei-Fei and Karpathy



Light Theory: Neural Network as Universal Approximator

Conditions needed for proof to hold: Activation function needs to be well

definea
mlgx;@ a(x) = A
A H7) = B
A+ B

Note: [his gives us another way to provably say that linear activation function

cannot produce a neural network which Is an universal approximator.

*slide adopted from http://neuralnetworksanddeeplearning.com/chap4.html



http://neuralnetworksanddeeplearning.com/chap4.html

Light Theory: Neural Network as Universal Approximator

Universal Approximation Theorem: Single hidden layer can approximate any
continuous function with compact support to arbitrary accuracy, when the

width goes to Infinity. [ Hornik et al., 1989 ]
Hidden Layer

Input Layer
Output Layer



Light Theory: Neural Network as Universal Approximator

Universal Approximation Theorem: Single hidden layer can approximate any
continuous function with compact support to arbitrary accuracy, when the
width goes to Infinity. [ Hornik et al., 1989 ]

Universal Approximation Theorem (revised): A network of infinite depth
with a hidden layer of size d + 1 neurons, where d is the dimension of the input

space, can approximate any continuous function.

Hidden Layer 1 Hidden Layer K | Lu et al., NIPS 2017 |

Input Layer

Output Layer



Light Theory: Neural Network as Universal Approximator

Universal Approximation Theorem: Single hidden layer can approximate any
continuous function with compact support to arbitrary accuracy, when the
width goes to Infinity. [ Hornik et al., 1989 ]

Universal Approximation Theorem (revised): A network of infinite depth
with a hidden layer of size d + 1 neurons, where d is the dimension of the input

space, can approximate any continuous function.
[ Lu et al., NIPS 2017 ]

Universal Approximation Theorem (further revised): ResNet with a single
hidden unit and infinite depth can approximate any continuous function.

[ Lin and Jegelka, NIPS 2018 |



Light Theory: Neural Network as Universal Approximator

Input Layer Output Layer

Hidden Layer 1  Hidden Layer K

POEN -

Universal Approximation Theorem (further revised): ResNet with a single
hidden unit and infinite depth can approximate any continuous function.

| Lin and Jegelka, NIPS 2018 |



Neural Networks

Modern convolutional neural networks contain 10-20 layers and on the
order of 100 million parameters

Training a neural network requires estimating a large number of parameters



Training a Neural Network

L1
X - _
Input Image 2 _ 985
X3 f(x,W1,Wy by, bs) = | 0.86
0.28
L 4 Neural Network - T -
_/ (hidden layers) Prediction

(score)

Vectorized Input



Training a Neural Network

Output layer .
(prob) Yi =

0(x)

9,

Input Image T _ 985 {0016
X3 f(x, W1, Wy, by,by) = 85232 v = 0.631
5y Neural Network - T - - 0.353
_/ (hidden layers) Prediction
(score)

Vectorized Input




Training a Neural Network

Output layer . elv

prob) ST > el
o(x)
Input Image . C _9gF T o016
~ L3 f(x,W1,W2,by,bz) = | 0.86 v = 0.631
0.28 0.353
x4 Neural Network - - 0. _
_/ (hidden layers) Prediction
(score)

Vectorized Input

Input and output layers (size and form) are dictated by the problem,
INntermediate hidden layers have few constraints and can be anything



Training a Neural Network

Output layer . elvi
(prob) ¥ > el

0(x)

L1 /-\
L9

Input Image T _ 985 {0016
X3 f(x, W1, Wy, by,by) = 85232 v = 0.631
5y Neural Network - T - - 0.353
_/ (hidden layers) Prediction
(score)

Vectorized Input

Inference: o(f(x,---))



Training a Neural Network

Output layer . elv

prob) YT > el

0(x)

vl L(>y,y)
Input Image L2 T _985
X3 f(x,W1,Wa,by,by) = | 0.86
0.28 o
iy Neural Network - - class 3 =‘car
_/ (hidden layers) Prediction

(score)

Vectorized Input

Inference: o(f(x,---))

Learning: L(y,o(f(x,---)))



Training a Neural Network

/

& L(y,¥)
Input Image . - —2.85
- ’ 0.86
- 028 class 3 =‘car’
_/ ‘ Prediction Tue label
input layer (score) output layer rue laoe

hidden layer hidden layer

Inference: o(f(x,--+))

Learning: L(y,o(f(x,--+)))



Training a Neural Network

Input Image

®_

class 3 = ‘car’

35

output layer True label

input layer

hidden layer hidden layer

Inference: o(f(x,--+))

Learning: L(y,o(f(x,--+)))



Gradient Descent

*slide adopted from V. Ordonex



Gradient Descent

1. Start from random value of Wy, bg

*slide adopted from V. Ordonex



Gradient Descent

1. Start from random value of Wy, bg

*slide adopted from V. Ordonex



Gradient Descent

1. Start from random value of Wy, bg

For £k = 0 to max number of iterations

2. Compute gradient of the loss with
respect to previous (initial) parameters:

V L(Wv b) ‘W:Wk ,b=Dby

*slide adopted from V. Ordonex



Gradient Descent

1. Start from random value of Wy, bg

For £k = 0 to max number of iterations

2. Compute gradient of the loss with
respect to previous (initial) parameters:

V £(W7 b) |W:Wk,b=bk

*slide adopted from V. Ordonex



Gradient Descent

1. Start from random value of Wy, bg

For £k = 0 to max number of iterations

2. Compute gradient of the loss with
respect to previous (initial) parameters:

V £(W7 b) |W:Wk ,b=Dby

3. Re-estimate the parameters

OL(W,b)
Wk_|_1 — Wk — )\
OW W=W, . b=Dby
0L(W,b
bk_|_1 — bk — )\ (8]:) )

W=W, .b=b,

*slide adopted from V. Ordonex



Gradient Descent

A 1. Start from random value of -

For kK = 0 to max number of iterations

2. Compute gradient of the loss with
respect to previous (initial) parameters:

3. Re-estimate the parameters

*slide adopted from V. Ordonex



Gradient Descent

1. Start from random value of Wy, bg

For £k = 0 to max number of iterations

2. Compute gradient of the loss with
respect to previous (initial) parameters:

V L(Wv b) ‘W:Wk ,b=Dby

3. Re-estimate the parameters

OL(W,b)
Wk_|_1 — Wk — )\
OW W=W, . b=Dby
0L(W,b
bk_|_1 — bk — )\ (8]:) )

W=W, .b=b,

*slide adopted from V. Ordonex



Gradient Descent

A - is the learning rate

1. Start from random value of Wy, bg

For £k = 0 to max number of iterations

2. Compute gradient of the loss with
respect to previous (initial) parameters:

V L(Wv b) ‘W:Wk ,b=Dby

3. Re-estimate the parameters

0L(W,b)
Wk_|_1 — Wk — )\
= OW W=W,.,b=by,
OL(W.b
b1 =bp—A (6’b )

W=W_,.b=b,

*slide adopted from V. Ordonex



Stochastic Gradient Descent

‘thr‘ain‘
Z [yz T f(X’i7W17W27b17b2)]2

1=1

o 9
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Stochastic Gradient Descent

‘thr‘ain‘
Z [yz T f(X’i7W17W27b17b2)]2

1=1

o 9
GW]_,rL,] B 8W1,7J’]

Problem: For large datasets computing sum Is expensive



Stochastic Gradient Descent

‘thr'ain‘
0L 0
— E T ’L?“?H 7b7b °
OWi,:  OWq,; 1 yi I 1, Wa, b1, bo)

Problem: For large datasets computing sum Is expensive

Solution: Compute approximate gradient with mini-batches of
much smaller size (as little as 1-example sometimes)



Stochastic Gradient Descent

8[: 0 ‘thr'ain‘
— i — f(xi, W1, W3, by, by)]
OW1 ; OW1 ; ; i~ f(x : 2, b1, b2)

Problem: For large datasets computing sum Is expensive

Solution: Compute approximate gradient with mini-batches of
much smaller size (as little as 1-example sometimes)

Problem: How do we compute the actual gradient?



Numerical Differentiation

1; - Vector of all zeros, except for one 1 in i-th location

We can approximate the gradient numerically, using:

0fx) . f(x+hl)— f(x)
8$7; -~ h—0 h

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Numerical Differentiation

1; - Vector of all zeros, except for one 1 in i-th location

We can approximate the gradient numerically, using:

0fx) . f(x+hl)— f(x)
(%7; - h—0 h

Even better, we can use central differencing:

8@; -~ h—0 2h

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Numerical Differentiation

1; - Vector of all zeros, except for one 1 in i-th location

We can approximate the gradient numerically, using:

0fx) . f(x+hl)— f(x)
(%7; - h—0 h

Even better, we can use central differencing:

8@; -~ h—0 2h

However, both of theses suffer from rounding errors and are not good enough
for learning.

h = 0.000001

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Symbolic Differentiation y = f(e1,22) = In(21) + 2122 — sin(as)

Input function is represented as computational graph (a symbolic tree)

Sory TR
w @ﬁ@m ~(o0)—v

\mp\ements differentiation rules for composite functions:

Sum Rule Product Rule Chain Rule

d(f(z) +g(z)) df(z) dg(z) d(f(z)-g(x)) df() dg(z)  d(f(g(z))) _df(g(x)) dg(z)

dx T dr | dw dx T dg 9(z) + f() dx dx ~ dg(a) dx

Problem: For complex functions, expressions can be exponentially large; also

difficult to deal with piece-wise functions (creates many symbolic cases)
*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Automatic Differentiation (AutoDiff) v=/true2) =)+ aes = sinfz)

Intuition: Interleave symbolic differentiation and simplification

Key ldea: apply symbolic differentiation at the elementary operation level,
evaluate and keep intermediate results

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Automatic Differentiation (AutoDiff) v=/true2) =)+ aes = sinfz)

Intuition: Interleave symbolic differentiation and simplification

Key Idea: apply symbolic differentiation at the elementary operation level,
evaluate and keep intermediate results

Success of deep learning owes A LOT to success of AutoDiff algorithms
(also to advances In parallel architectures, and large datasets, ...)

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Automatic Differentiation (AutoDiff) v=/true2) =)+ aes = sinfz)

Each node is an input, intermediate, or output variable

Computational graph (a DAG) with variable ordering from
topological sort.

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Automatic Differentiation (AutoDiff) v =/tx.e2) =nle) e = sinlz)

1 _,‘ @\

2 ’ @ sin ‘ ‘_’ g Computational graph is governed by these equations
Vo = L1
Each node is an input, intermediate, or output variable U1 = L2
vy = In(vp)
Computational graph (a DAG) with variable ordering from V3 = Vg - U1

topological sort. vy = sin(vy)

U5 = U2 + U3
Vg — Uy — U4y
Y = Vs

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Automatic Differentiation (AutoDiff) v=/true2) =)+ aes = sinfz)

Lets see how we can evaluate a function using
computational graph (DNN inferences)

/
$2—'@W '—’ Y Computational graph is governed by these equations

Vo — X1
Each node is an input, intermediate, or output variable U1 = L2

vy = In(vg)
Computational graph (a DAG) with variable ordering from V3 = Vg - U1

topological sort. vy = sin(vy)

U5 = U2 + U3
Vg — Uy — U4y
Y = Vs

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



Automatic Differentiation (AutoDiff) ¥ =/tzz) =ilm)+ e = sinlz)

Lets see how we can evaluate a function using
computational graph (DNN inferences)

Forward Evaluation Irace:

Vg — X1
Each node is an input, intermediate, or output variable Vi = 967

vy = In(vg)
Computational graph (a DAG) with variable ordering from Vs = Vg - U1

topological sort. v = sin(vy)

U5 = V2 + U3

Vg — Uy — U4y




Automatic Differentiation (AutoDiff) v =/tm=)=

r1) + r122 — sin(xs)

Lets see how we can evaluate a function using
computational graph (DNN inferences)

OO
@—'@ Sin ‘ ‘—'y

Forward Evaluation Irace:

f(2,5)
Vg — 41
Each node is an input, intermediate, or output variable bil = 49
vo = In(vg) n(2) = 0.693
Computational graph (a DAG) with variable ordering from Vs = Vg - Uy 55 =10
topological sort. vy = sin(vy) sin(5) = 0.959

U5 = V2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562



Automatic Differentiation (AutoDiff) v=/trez) =izt me: = sinlz)

SECASC ;@
(Do) @ (o) —

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = X9 ®
vo = In(vo) n(2) = 0.693
V3 = Vg * V1 2x5=10
vy = sin(vy) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — Us — U4 10.693 + 0.959 = 11.652
Y= "Ve 11.652



AutoDiff - Forward Mode

f(2,5)
Vo = 41
V1 = T2 5
vy = In(vp) n() = 0.693
U3 = Vg - U1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Y = f(l'la 372) — ln(iUl) + X1To — SZR(:EQ)

Lets see how we can evaluate a derivative using
computational graph (DNN learning)

af(ajlv ZUQ)

axl (561:2,332:5)

We will do this with forward mode first, by
introducing a derivative of each variable node
with respect to the input variable.



AutoDiff - Forward Mode

xlﬁ‘\ @\

@
ST

Forward Evaluation Irace:

() —

Yy — f($1,33‘2)

= In(x

1) + 122 — sin(xo)

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Forward Derivative Trace: Of(x1,x2)
011 (r1=2,22=5)

6?)0
5,—371 1
82}1
a_xl 0
%: 1 Ovg 1/2*1=0.5
Oxr1 vy 0xq
Ovs Ovg 0vy
5»—331:3—%'@1_'_@0'8—331 16 +2"0=5
Oovy  Ovy
S _ a—ml(:()s(vl) 0 * cos(5) = 0
Ovs B 0vo | Ovs
5 = 5z ' 52 05+5=55
0vg - 0vs Ovy
8—51;1 = 9t o 55-0=5.5
Oy  Oue
a_xl _ a_xl 5.5




AutoDiff - Forward Mode

We now have:

8f($17$2)

a$1 (5131:2,332:5)

= 9.9

Y = f(wla 372) — ln(il?l) + X1To — Szn(xQ)

Forward Derivative Trace: Of(x1,x2)
011 (r1=2,22=5)

8?}0
a_wl 1
8@1
a_xl 0
%: 1 Ovg 1/2*1=0.5
Oxr1 vy 0xq
Ovs Ovg Juy
3—1.1:@—3;1.014_@0.8—@ 16 +2"0=5
Oovy  Ovy
S _ 8—11;1008(vl) 0 * cos(5) = 0
Ovs B 0vo | Ovs
5 = 5z ' 52 05+5=55
0vg - 0vs Ovy
8—;1;1 = 9t o 55-0=5.5
Jy  Oug
Oy 5.5

5’331_8—231




AutoDiff - Forward Mode

We now have:

8f($17$2)

a$1 (5131:2,332:5)

Still need:

af(xlv 513‘2)

axQ (5131 :2,5132:5)

= 9.9

Y = f(wla 372) — ln(il?l) + X1To — Szn(xQ)

Forward Derivative Trace: Of(x1,x2)
011 (r1=2,22=5)

8?}0
a_wl 1
8@1
a_xl 0
%: 1 Ovg 1/2*1=0.5
Oxr1 vy 0xq
Ovs Ovg Juy
3—1.1:@—3;1.014_@0.8—@ 16 +2"0=5
Oovy  Ovy
S _ 8—11;1008(vl) 0 * cos(5) = 0
Ovs B 0vo | Ovs
5 = 5z ' 52 05+5=55
0vg - 0vs Ovy
8—;1;1 = 9t o 55-0=5.5
Jy  Oug
Oy 5.5

5’331_8—231




AutoDiff - Forward Mode

Forward mode needs m forward passes to get a full Jacobian (all gradients of
output with respect to each input), where m is the number of inputs

y = f(x): R™ — R"

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



AutoDiff - Forward Mode

Forward mode needs m forward passes to get a full Jacobian (all gradients of
output with respect to each input), where m is the number of inputs

y = f(x): R™ — R"

Problem: DNN typically has large number of inputs:

image as an input, plus all the weights and biases of layers = millions of inputs!

and very few outputs (many DNNs have n = 1)

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



AutoDiff - Forward Mode

Forward mode needs m forward passes to get a full Jacobian (all gradients of
output with respect to each input), where m is the number of inputs

y = f(x): R™ — R"

Problem: DNN typically has large number of inputs:

image as an input, plus all the weights and biases of layers = millions of inputs!

and very few outputs (many DNNs have n, = 1) Why?

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



AutoDiff - Forward Mode

Forward mode needs m forward passes to get a full Jacobian (all gradients of
output with respect to each input), where m is the number of inputs

y = f(x): R™ — R"

Problem: DNN typically has large number of inputs:

image as an input, plus all the weights and biases of layers = millions of inputs!

and very few outputs (many DNNs have n = 1)

Automatic differentiation in reverse mode computes all gradients in 12 backwards
passes (so for most DNNs in a single back pass — back propagation)

*slide adopted from T. Chen, H. Shen, A. Krishnamurthy CSE 599G1 lecture at UWashington



AutoDiif - Reverse Mode

"—OLE @
\ e @ @
Dk

Forward Evaluation Irace:

Traverse the original graph in the reverse
£(2,5) topological order and for each node In the

’ original graph introduce an adjoint node, which
Vo = X1 2 computes derivative of the output with respect
to the local node (using Chain rule):

V1 = T2 O

vz = In(vo) n(2) = 0.693

V3 = Vg * U1 2Xx5=10

Vg = sin(vl) sin(®) = 0.959 b, = ayj _ Z a’Ulc ayy Z avk o
Us = VU2 T U3 0.693 + 10 = 10.693 dv; kepa(i) Ov; 87)16 kepal(i) Jv;

Vg — Us — U4 10.693 + 0.959 = 11.652

Y = Ve 11.652 “local” derivative



AutoDiif - Reverse Mode

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

2 —— > Vg4 |« — Y

Backwards Derivative Irace;




AutoDiif - Reverse Mode

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

2 —— > Vg4 |« — Y

Backwards Derivative Irace;




AutoDiif - Reverse Mode

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

2 —— > Vg4 |« — Y

Backwards Derivative Irace;




AutoDiif - Reverse Mode

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

2 —— > Vg4 |« — Y

Backwards Derivative Irace;

__ Ovg
Uy — Uﬁ—av
5
Oy
6 = —— 1



AutoDiif - Reverse Mode

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

2 —— - 4 « <—y

Backwards Derivative Irace;

__ Ovg
Uy — UG_@U
5
Oy
6 = —— 1



AutoDiif - Reverse Mode

@ @ O
\ \ L9 4—@4 ”(_]4 < 4— y
. _, IR Backwards Derivative Irace:
2 Sin " — Y

Forward Evaluation [race:
f(2,5)
Vg — L1
V1 = I9 5
vo = In(vo) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
Vs = Vg + VU3 0.693 + 10 = 10.693 Ovg
Vs = Vg —=—— = Vg 1
Vg — Uy — U4y 10.093 + 0.959 = 11.652 O0vs
Y = s 11.652 o= 1
82)6



AutoDiif - Reverse Mode

. ‘ \ @
L2 @ SN @ ' g

Forward Evaluation Irace:

f(2,5)
Vo = I1
V1 = X9 5
vy = In(vg) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
Vs = V2 + V3 0.693 + 10 = 10.693
Vg = Us — V4 10.693 + 0.959 = 11.652
Y = Vs 11.652

Backwards Derivative Irace;

()—

1x1 = 1



AutoDiif - Reverse Mode

(D) @
Sin

Forward Evaluation Irace:

SR

() —

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

-
N
|
S
@)

-~
o)
|
c
o
|
~{
@)
o

c
)
|

@\

()—

1x1 = 1




AutoDiif - Reverse Mode

(D) @
Sin

Forward Evaluation Irace:

SR

() —

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

-
N
|
S
@)

-~
o)
|
c
o
|
~{
@)
o

c
)
|

@\

()—

1x1 = 1




AutoDiif - Reverse Mode

B _>’ \ @
L2 @ sin @ ' g

Forward Evaluation Irace:

xl_‘\ @\

Backwards Derivative Irace;

()—

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

0
@4_@6ﬁ:@6 (—1)
8”04
~_ 0Ovg _ .
Vs = Vg——7
5} 63?)5 6
Oy

c
)
|

1x1 = 1



AutoDiif - Reverse Mode

(D) @
Sin

Forward Evaluation Irace:

SR

() —

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

0
@4_@6ﬁ:@6 (—1)
8”04
~_ 0Ovg _ .
Vs = Vg——7
5} 63?)5 6
Oy

c
)
|

@\

()—

1x-1 = -1

1x1 = 1




AutoDiif - Reverse Mode

OO
00 @ @

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — U5 — U4 10.693 + 0.959 = 11.652
Y= Ve 11.652

TOsw @\

@_@/ @—s

Backwards Derivative Irace;

@ -

=~ o
| |
c c

@) Ot
|

~{

o

~—~
|

-

~—

-~
o)
|
c
o
|
~{
@)
o

c
)
|

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
00 @ @

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — U5 — U4 10.693 + 0.959 = 11.652
Y= Ve 11.652

TOsw @\

@_@/ @—s

Backwards Derivative Irace;

@ -

=~ o
| |
c c

@) Ot
|

~{

o

~—~
|

-

~—

-~
o)
|
c
o
|
~{
@)
o

c
)
|

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
L2 @ sin @ " g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

Us = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

-
W
|
S
O
|
=4
@
~—~
e
~—

~
N
|
S
@)
|
i~
o))
~—~
|
ek
—

-~
o)
|
c
o
|
~{
@)
o

c
)
|

@\

()—

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
L2 @ sin @ " g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

Us = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

-
W
|
S
O
|
=4
@
~—~
e
~—

c c
Ot H~
| |
> >
oy o
| |
s s
— ~—~
|
ek
~—

c
)
|

@\

()—

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
L2 @ sin @ " g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

-
W
|
S
O
|
=4
@
~—~
e
~—

~
N
|
S
@)
|
i~
o))
~—~
|
ek
—

-~
o)
|
c
o
|
~{
@)
o

c
)
|

@\

()—

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
L2 @ sin @ " g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

Us = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

-
W
|
S
O
|
=4
@
~—~
e
~—

~
N
|
S
@)
|
i~
o))
~—~
|
ek
—

-~
o)
|
c
o
|
~{
@)
o

c
)
|

@\

()—

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
L2 @ sin @ " g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

Us = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

?72—?75(%2_?75 (1)

_ _ Ov _

v3:v5a—UZ=v5 (1)
OV _

@4—@68_0227}6 (—1)

0 = T6 228 — g - 1

5 6(%5 6

. 0y

c
)
|

@\

()—

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
L2 @ sin @ " g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = T2 O
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

Us = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

Backwards Derivative Irace;

?72—?75(%2_?75 (1)

_ _ Ov _

v3:v5a—UZ=v5 (1)
OV _

@4—@68_0227}6 (—1)

0 = T6 228 — g - 1

5 6(%5 6

. 0y

c
)
|

@\

()—

1x1 =1

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
00 @ @

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — U5 — U4 10.693 + 0.959 = 11.652
Y= Ve 11.652

2 —— > Vg4 |« — Y

Backwards Derivative Irace;

Uy = Us = U5 - (1) 1x1 = 1

U3 =Us5— = U5 - (1) 1x1 = 1

~
N
|
S
@)
|
i~
o))
~—~
|
ek
—

1x-1 = -1

-~
o)
|
c
o
|
~{
@)
o

o ' 1x1 = 1

c
)
|



AutoDiif - Reverse Mode

OO
R Oe=0 @ D

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — U5 — U4 10.693 + 0.959 = 11.652
Y= Ve 11.652

= = 5’?}3 | 8U4
: 382}1 | 02}1
~ 0 _
vQ:U5(%Z = U5 - (1)
~_ Ovs  _
032053—2}2205 (1)
Ov ~
@4—@68_0222}6 (—1)
Bs = G528 = 5is - 1
5 6(%5 6
Oy
Vg — —

()—

1x1 =1

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

OO
R Oe=0 @ D

Forward Evaluation Irace:

f(2,5)
Vo = T
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959
U5 = Vg + U3 0.693 + 10 = 10.693
Ve = Us — V4 10.693 + 0.959 = 11.652
Y = Ve 11.652

= = 5’?}3 | 8U4
: 382}1 | 02}1
~ 0 _
02205(%2 = U5 - (1)
~_ Ovs  _
032053—2}2205 (1)
Ov ~
@4—@68_0227}6 (—1)
Bs = G528 = 5is - 1
5 6(%5 6
Oy
Vg — —

()—

1x1 =1

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

(D) @
Sin

Forward Evaluation Irace:

SR

() —

f(2,5)
Vo = X1
V1 = T2 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

()—

Backwards Derivative Irace;

Wy 5,90
8”01 | 4801

= U5 - (1) 1x1 =1

— V3V + 1_}4608(1}1)

U3 = Us—=— = U5 - (1) 11 = 1

— = Vg - (—1) 1x-1 = -1

-
N
|
~4
OB

-~
o)
|
c
o
|
~{
@)
o

Io- ° 1x1 = 1

c
)
|



AutoDiif - Reverse Mode

(D) @
Sin

Forward Evaluation Irace:

SR

() —

f(2,5)
Vo = X1
V1 = T2 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(vy) sin(5) = 0.959

U5 = U2 + U3
Vg — Uy — U4y

Y = Vs

0.693 + 10 = 10.693
10.693 + 0.959 = 11.652
11.6562

()—

Backwards Derivative Irace;

Wy 5,90
8@1 | 4801

= U5 - (1) 1x1 =1

= U3vUg + V4cos(v1) | 1.716

U3 = Us—=— = U5 - (1) 11 = 1

— = Vg - (—1) 1x-1 = -1

-
N
|
~4
OB

-~
o)
|
c
o
|
~{
@)
o

Io- ° 1x1 = 1

c
)
|



AutoDiif - Reverse Mode

. ‘ \ @
L2 @ SN @ ' g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — U5 — U4 10.693 + 0.959 = 11.652
Y= Ve 11.652

» Vg |« <—y

= = ng L= 8?)2 B i 1
0~ 381}0 | 281}() — sl 02 Vo
Ov Ov
V1 = ?73 avj | @48—1}11 = V3V + 1_}4608(”01)
Ov
’172 — ?758@5 — Uy - (].)
2
. _ Ov _
Vg = 058—2}5 = U5 - (1)
3
_ _ Ovg _
Uy = vGa—vi = vg - (—1)
_ dvg
Uy — /068_?]5: U6 1
_ oy
Vg — —

0.5

1.716

1x1 =1

1x1 =1

1x-1 = -1

1x1 = 1



AutoDiif - Reverse Mode

. ‘ \ @
L2 @ SN @ ' g

Forward Evaluation Irace:

f(2,5)
Vo = T1
V1 = I9 5
va = In(vp) n(2) = 0.693
V3 = Vg * VU1 2x5=10
vy = sin(v) sin(5) = 0.959
V5 = Vg + U3 0.693 + 10 = 10.693
Vg — U5 — U4 10.693 + 0.959 = 11.652
Y= Ve 11.652

» Vg |« <—y

= = ng L= 8?)2 B i 1
0~ 381}0 | 281}() — sl 02 Vo
Ov Ov
V1 = ?73 avj | @48—1}11 = V3V + 1_}4608(”01)
Ov
’172 — ?758@5 — Uy - (].)
2
. _ Ov _
Vg = 058—2}5 = U5 - (1)
3
_ _ Ovg _
Uy = vGa—vi = vg - (—1)
_ dvg
Uy — /068_?]5: U6 1
_ oy
Vg — —

9.5

1.716

1x1 =1

1x1 =1

1x-1 = -1

1x1 = 1



Automatic Differentiation (AUtoDIff) v = f@122) = (@) + 2122 — sin(a»)

AutoDift can be done at various granularities

Elementary function granularity: Complex function granularity:




Backpropagation Practical Issues

Input Layer Easier to deal with In vector form
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Backpropagation Practical Issues
y = f(W,b,x) = sigmoid(W - x + b)
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Backpropagation Practical Issues Tocal” Jacobians

(matrix of partial derivatives, e.g. size |x| x |y|)

y — f(W) b, X) — Sigmoid(W X b) “backprop” Gradient
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Backpropagation Practical Issues Tocal” Jacobians

(matrix of partial derivatives, e.g. size |x| x |y|)

y — f(W’ b, X) — W - x “backprop” Gradient

X —
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Example: Let’s Build (world smallest) Neural Network

Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages
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Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages
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We will need some labeled data
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Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages
What do we need to do”

E Neural Network Class 3

First, lets re-formulate the problem




Example: Let’s Build (world smallest) Neural Network

Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages
What do we need to do”

o(Class 1)
E Neural Network p(Class 2)
o(Class 3)

First, lets re-formulate the problem




Example: Let’s Build (world smallest) Neural Network

Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages
Now, lets build a network!

o(Class 1)
E Neural Network p(Class 2)
o(Class 3)

How many inputs should the network have”? How neuron outputs”?




Example: Let’s Build (world smallest) Neural Network

Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages

"

Input Layer Output Layer

What else Is
missing for us to
train it?
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Input Layer Output Layer Loss




Example: Let’s Build (world smallest) Neural Network

Lets create a neural network that will be able to differentiate (classity) these patterns

of simple 3x3 pixel iImages

"

Input Layer Output Layer Loss

J

r : 62’?21 o(w1,;T;+b1)
— —]o
: J 23:1 62?:1 o(w1,;T;+b1)




CIFAR10 Dataset

— Hand labelled set of 10 categories from Tiny Images dataset
— 060,000 32x32 images in 10 classes (50k train, 10k test)
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Good test set for visual recognition problems




Neural Network: Short Review
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Neural Network: Short Review
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Neural Network: Short Review
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N
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Input Layer

Input Image Inputs: 3072
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‘ L3 Parameters: 3072 + 1
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Vectorized Input
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Neural Network: Short Review

Input Layer

Input Image

w3

Vectorized Input
(32 x 32 x 3) = 3072

Hidden Layer 1

* Fully Connected

/w 400 neurons

/w Rel.u activ
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Neural Network: Short Review

Hidden Layer 1

* Fully Connected
/w 400 neurons
/W Rel.u activ

Input Layer

Input Image
L4

Vectorized Input
(32 x 32 x 3) = 3072

W17b1

Inputs: 3072
Outputs: 400

Parameters:
3072 x 400 + 400
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Neural Network: Short Review

Input Layer

Input Image

w3

Vectorized Input
(32 x 32 x 3) = 3072

Hidden Layer 1

* Fully Connected
/w 400 neurons
/w Rel.u activ

W17b1

Inputs: 3072
Outputs: 400

Parameters:
3072 x 400 + 400

hhhhh

Note: All neurons within a layer can be
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computed in parallel, making computations
very efficient (especially on GPUSs!, which

are designed for parallelism)



Input Layer

Input Image
L4

Vectorized Input
(32 x 32 x 3) = 3072

Hidden Layer 1

* Fully Connected
/w 400 neurons
/w Rel.u activ

Inputs: 3072
Outputs: 400

Parameters:
3072 x 400 + 400

Neural Network: Short Review

Hidden Layer 2

* Fully Connected
/w 100 neurons
/w Rel.u activ

W27 b2

airplane gav > H:"'ﬁ

automobile
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Note: Across layers computations

are seqguential



Neural Network: Short Review

Hidden Layer 1

* Fully Connected Hidden Layer 2
/w 400 neurons * Fully Connected
/w Rel.u activ /w 100 neurons

Input Layer /w Rel.u activ

Input Image

S —
L4

Vectorized Input W2, by
(32 X 32 X 3) = 3072 Wl, b1
Inputs: 3072 Inputs: 400
Outputs: 400 Outputs: 100
Parameters: Parameters:

3072 x 400 + 400 400 x 100 + 100

automobile
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Neural Network: Short Review

Hidden Layer 3

* Fully Connected
/w 700 neurons
/w Rel.u activ

Hidden Layer 1

* Fully Connected
/w 400 neurons
/w Rel.u activ

Hidden Layer 2

* Fully Connected
/w 100 neurons
/w Rel.u activ

Input Layer

Input Image

L1
L2

S | —H—H—
L4

Vectorized Input

(32 x 32 x 3) = 3072 W, b,
Inputs: 3072
Outputs: 400 Outputs: 100
Parameters: Parameters:

3072 x 400 + 400 400 x 100 + 100

» E
Inputs: 400 W3, bs

automobile
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Neural Network: Short Review

Hidden Layer 3

* Fully Connected
/w 700 neurons
/w Rel.u activ

Hidden Layer 1

* Fully Connected
/w 400 neurons
/w Rel.u activ

Hidden Layer 2

* Fully Connected
/w 100 neurons

Input Image

/w Rel_u activ
L1
L2
L4

- E
Inputs: 400 W3, bs

Input Layer

Vectorized Input
(32 x 32 x 3) = 3072 Wi, by
Inputs: 3072
Outputs: 400 Outputs: 100 Inputs: 100
Parameters: Parameters: Outputs: 700
3072 x 400 + 400 400 x 100 + 100 Parameters:

100 x 700 + 700

automobile

- |

L |- | e
CEATENeESS
Sml WE ¥
FELEEEEE P
SR B v RS
s [y e[S
LEESEDSAEE
LRGP
S il e P &
<




Neural Network: Short Review

Hidden Layer 1

* Fully Connected Hidden Layer 2
/w 400 neurons * Fully Connected
/w Rel.u activ /w 100 neurons

Input Layer /w Rel.u activ

Vectorized Input W3, by
(32 x 32 x 3) = 3072 W1, by
Inputs: 3072 Inputs: 400
Outputs: 400 Qutputs: 100
Parameters: Parameters:
3072 x 400 + 400 400 x 100 + 100

Hidden Layer 3

L]
Input Image

L2

L4

* Fully Connected
/w 700 neurons
/w Rel.u activ

Output Layer

* Fully Connected
/w 10 neurons
/w Rel.u activ

W47 b4
Inputs: 700

Qutputs: 10

Parameters:
/00x 10+ 10

W37 b3
Inputs: 100
Qutputs: 700

Parameters:
100 x 700 + 700

automobile EEEE%“E:%
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EEESEDOUNE
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Inputs: 10
Qutputs: 10

Parameters:

Nnone



Neural Network: Short Review

This simple neural network has nearly 1.35 million parameters

Vectorized Input
(32 x 32 x 3) = 3072

W17b1

Inputs: 3072
Qutputs: 400

Parameters:
3072 x 400 + 400

Input Image o
L2

W27 b2

Inputs: 400
Qutputs: 100

Parameters:
400 x 100 + 100

—H-H-

W47 b4
Inputs: 700 Inputs: 10
Qutputs: 10 Qutputs: 10
Parameters: Parameters:

Wi by /00x10+10 none

Inputs: 100
Qutputs: 700

Parameters:
100 x 700 + 700



Neural Network: Short Review

Hidden Layer 3
* Fully Connected
/w 700 neurons

Hidden Layer 1

" Fully Connected Hidden Layer 2 W Rel u activ
/w 400 neurons * Fully Connected
/w Rel.u activ /w 100 neurons Output Layer
/w Rel.u activ * Fully Connected . .
Input Layer w10 neurons. T S|gmf)|d o
- /w Rel.u activ Yi = 9
L1 Zj e
Input Image
L2
L4
. W47 b4
= Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(82 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
Inputs: 3072 Inputs: 400 Ws. by /00x10+10  none
Outputs: 400 Outputs: 100 Inputs: 100
Parameters: Parameters: Outputs: 700
3072 x 400 + 400 400 x 100 + 100

Parameters:
100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
L2

- — -
— B — B —

, —
L4

— —
—_— B —

W47 b4
Inputs: 700 Inputs: 10

Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:

Inputs: 3072 Inputs: 400 W;. by 700x10+ 10 none

Outputs: 400 Outputs: 100 Inputs: 100

Parameters: Parameters: Outputs: 700

3072 x 400 + 400 400 x 100 + 100

Parameters:
100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
L2

- — -
— B — B —

’ —
L4

— —
—_— B —

W47 b4
Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
_ | Inputs: 3072 Inputs: 400 Wi by 00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
-_— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
L2

—
—_

— —
— B —

’ —
L4

— —
—_— B —

W, b, L(y,¥)
Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
_ | Inputs: 3072 Inputs: 400 Wi by 00x10+10  none

Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
-_— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
L2

_,E_,E_,

" 0b
Wy, by 7 7

’ —
L4

— —
—_— B —

Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
_ | Inputs: 3072 Inputs: 400 Wi by 00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
-_— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
L2

_,E_,E_,

OW3 ' 0Obs W4, ]:)4 OW, ' Oby

’ —
L4

— —
—_— B —

Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
_ | Inputs: 3072 Inputs: 400 Wi by 00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
-_— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
L2

—
— —>

L(*, )

_,E_,E_,

’ —
L4

OWy '’ 8b2 OWs ' Obs W4 b4 OW, ' 0Oby
Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
. . ~_ Inputs: 3072 Inputs: 400 Wi by 00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
-_— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 /w 700 neurons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected

(a.k.a. Forward Pass) w Rel u activ /w 100 neurons

/w Rel.u activ

Output Layer
* Fully Connected

Input Layer A 10 NEUrONS + sigmoid
/w Rel.u activ
L1
Input Image
‘ 2 — EEE—
- -—
:1;4 L’(.,.) E(.).) E(-,-)
oW1~ 0Oby OWy '’ 8b2 8W3’ 8b3 W4, b4 8W4’ 8b4
Inputs: 700 Inputs: 10
Vectorized Input W2, b Outputs: 10 Qutputs: 10
(32 X 32 X 3) = 3072 Wl, b1 Parameters: Parameters:
. . ~_ Inputs: 3072 Inputs: 400 Wi by 00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
e EE— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 A 700 NEUrons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected
(@k.a. Forward Pass) /w Relu activ /w 100 neurons Output Layer
/w Rel.u activ * Fully Connected . .
Input Layer A 10 NEUrONS + sigmoid
Input Image /w Relu activ
L1
L2
Ed 4 -
, . . 7 awg’ ab3 W, 0W4’ ab4 )
| Inputs: 7OO Inputs: 10
Vectorized Input Outputs: 10 Qutputs: 10
(32 x 32 x 3) = 3072 Parameters: Parameters:
o . Inputs: 3072 Inputs: 400 W3, by /00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
e EE— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

| Hidden Layer 3
Inference: given values

* Fully Connected

for all parameters predict Hidden Layer 1 A 700 NEUrons
output (probability) * Fully Connected Hidden Layer 2 w Rel u activ
/w 400 neurons * Fully Connected
(@k.a. Forward Pass) /w Relu activ /w 100 neurons Output Layer
/w Rel.u activ * Fully Connected . .
Input Layer A 10 NEUrONS + sigmoid
Input Image /w Relu activ
L1
L2
Ed 4 -
, . . 7 awg’ ab3 W, 0W4’ ab4 )
| Inputs: 7OO Inputs: 10
Vectorized Input Outputs: 10 Qutputs: 10
(32 x 32 x 3) = 3072 Parameters: Parameters:
o . Inputs: 3072 Inputs: 400 W3, by /00x10+10  none
Learning: given data optimize
parameters using gradient Outputs: 400 Outputs: 100 Inputs: 100
-based optimization Parameters: Parameters: Outputs: 700
e EE— 3072 x 400 + 400 400 x 100 + 100

Parameters:

(a.k.a. Backwards Pass) 100 x 700 + 700



Neural Network: Short Review

This simple neural network has nearly 1.35 million parameters

Vectorized Input
(32 x 32 x 3) = 3072

W17b1

Inputs: 3072
Qutputs: 400

Parameters:
3072 x 400 + 400

Input Image o
L2

W27 b2

Inputs: 400
Qutputs: 100

Parameters:
400 x 100 + 100

—H-H-

W47 b4
Inputs: 700 Inputs: 10
Qutputs: 10 Qutputs: 10
Parameters: Parameters:

Wi by /00x10+10 none

Inputs: 100
Qutputs: 700

Parameters:
100 x 700 + 700



Fully Connected Layer

Example: 200 x 200 image (small)
X 40K hidden units

* slide from Marc’Aurelio Renzato



Fully Connected Layer

Example: 200 x 200 image (small)
X 40K hidden units

= ~ 2 Billion parameters (for one layer!)

* slide from Marc’Aurelio Renzato



Fully Connected Layer

Example: 200 x 200 image (small)
X 40K hidden units

= ~ 2 Billion parameters (for one layer!)

Spatial correlations are generally local

Waste of resources + we don't have
enough data to train networks this large

* slide from Marc’Aurelio Renzato



Locally Connected Layer

Example: 200 x 200 image (small)
X 40K hidden units

Filter size: 10 x 10

= ~ 4 Million parameters

* slide from Marc’Aurelio Renzato



Locally Connected Layer

Example: 200 x 200 image (small)
X 40K hidden units

Filter size: 10 x 10

= ~ 4 Million parameters

Stationarity — statistics is similar at
different locations

* slide from Marc’Aurelio Renzato



Convolutional Layer

Example: 200 x 200 image (small)
X 40K hidden units

Filter size: 10 x 10

= ~ 4 Million parameters

Share the same parameters across the

locations (assuming input is stationary)

* slide adopted from Marc’Aurelio Renzato




Convolutional Layer

Example: 200 x 200 image (small)
X 40K hidden units

Filter size: 10 x 10

= ~ 4 Millp§n parameters

= 100+1 parameters

Share the same parameters across the

locations (assuming input is stationary)

* slide adopted from Marc’Aurelio Renzato




Fully Connected Layer

Linear Layer




Fully Connected Layer




Fully Connected Layer




Fully Connected Layer




Fully Connected Layer

4x4+1=17

4x4+1=17




Locally Connected Layer




Locally Connected Layer




Locally Connected Layer
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Locally Connected Layer




Locally Connected Layer

‘ 3x3+1=10

3x3+1=10

3x3+1=10

3x3+1=10



Locally Connected Layer




Convolutional Layer




Convolutional Layer




Convolutional Layer
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Convolutional Layer




Convolutional Layer

‘ 3x3+1=10

O0x0+0=0

O0x0+0=0

O0x0+0=0



Convolutional Layer: Interpretation #1

Multiple neurons that share weights

neurons output




Convolutional Layer: Interpretation #2

One neuron applied as convolution (by shifting)

neurons output




Convolutional Layer: Interpretation #2

One neuron applied as convolution (by shifting)

neurons

output




N\
N\

\ A\

SN SAO
Y S
DAV AN
ST S

WAL
AWAR RN

Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer



Convolutional Layer
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Convolutional Layer
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Convolutional Layer



Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer



Convolutional Layer
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Convolutional Layer
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Convolutional Layer



\@\@\O\O\

\o\@\o\\
\O\O\FN \

AN\ AN\
"N NN
"\ S\ )
A\ N\ O\ N
N\ =
MMM

Convolutional Layer



Convolutional Layer
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Convolutional Layer: Interpretation #2

One neuron applied as convolution (by shifting)

neurons output

o

Similar to Filter in Normalized Correlation

(B m

”P/“



Convolution Layer




Convolution Layer




Convolutional Layer

Example: 200 x 200 image (small)
X 40K hidden units

Filter size: 10 x 10

# of filters: 20

Learn multiple filters

* slide from Marc’Aurelio Renzato



Convolutional Layer

Example: 200 x 200 image (small)
X 40K hidden units

Filter size: 10 x 10

# of filters: 20

= 2000 parameters

Learn multiple filters

* slide from Marc’Aurelio Renzato



Convolutional Layer: Interpretation #2

One neuron applied as convolution (by shifting)

neurons output

129



Convolutional Layer: Interpretation #2

One neuron applied as convolution (by shifting)

neurons

output

130



Convolutional Layer

32 X 32 x 3 Image (note the image preserves spatial structure)

32 height

32 width

3 depth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 X 32 X 3 Image

32 height 5 x 5 x 3 filter
Convolve the filter with the image
(.e., “slide over the image spatially,
computing dot products”)
32 width

3 depth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 x 32 x[§]image

Filters always extend the full depth of the input volume

32 height
> 5XD xfilter
Convolve the filter with the image
(.e., “slide over the image spatially,
computing dot products”
32 width

3 depth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 X 32 X 3 Image

x 3 filter (W)

1 number: the result of taking a dot product
between the filter and a small 5 x 5 x 3 part
of the Image

W'x + b, where W, x € R™

32 width

3 deptn

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 X 32 X 3 Image

x 3 filter (W)

1 number: the result of taking a dot product
between the filter and a small 5 x 5 x 3 part
of the Image

W'x + b, where W, x € R™

32 width

How many parameters does the layer have”
3 deptn

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 X 32 X 3 Image

x 3 filter (W)

1 number: the result of taking a dot product
between the filter and a small 5 x 5 x 3 part
of the Image

W'x + b, where W, x € R™

32 width

How many parameters does the layer have? 76
3 deptn

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 X 32 X 3 image activation map
T
e convolve (slide) over all
- spatial locations
28 width
32 width 1 depth

3 depth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

32 X 32 X 3 image activation map
o X 9 x 3 filter (W) 28 heioht
T
Il convolve (slide) over all
- spatial locations
28 width
92 width consider another filter 1 deptn

3 depth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer

f we have 6 5xb filter, we'll get 6 separate activation maps:  activation map

32 height 28 heignt
convolutional
layer
28 \Wiath
3 depth this results in the “new image” of size 28 x 28 x 6!

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer: Closer Look at Spatial Dimensions

32 X 32 X 3 Image

5 x 5|x 3 filter (W)

32 width

3 depth

activation map

28 height

convolve (slide) over all

spatial locations

28 width

1 depth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

3 depth

32 height

CONV,
Rel U

e.g. 6 5x5x3
filters

32 width

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

3 depth

32 height

CONV,
Rel U

e.g. 6 5x5x3
filters

32 width

6 deptn

28 height

28 width

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

3 depth

32 height

CONV,
Rel U

e.g. 6 5x5x3
filters

32 width

6 deptn

28 height

CONV,
Rel U

e.g. 10 5x5x6
filters

28 width

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

3 depth

32 height

CONV,
Rel U

e.g. 6 5x5x3
filters

32 width

6 deptn

28 height 24 height

CONV,
Rel U

e.g. 10 5x5x6
filters

28 width 24 \vidth

10 deptn

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

3 depth

32 height

CONV,
Rel U

e.g. 6 5x5x3
filters

32 width

6 depth

28 Nneignt 24 heignt
CONV,
Rel U
e.g. 10 5x5x6
filters

28 width 24 \v\dth

10 cepth

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

With padding we can achieve no shrinking (32 -> 28 -> 24); shrinking quickly
(which happens with larger filters) doesn’t work well in practice

3 depth

32 height

CONV,
Rel U

e.g. 6 5x5x3
filters

32 width

6 deptn

28 height 24 height

CONYV,
Rel U

e.g. 10 5x5x6
filters

28 width 24 \vidth

10 deptn

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Layer: 1x1 convolutions

50 X 56 X 64 iImage

64 dept

56 neignt

56 width

32 filters of size, 1 x 1 x 64
——————————————————————————————————————

50 X 56 x 32 image

56 neignt

56 width

32 deptn

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Convolutional Neural Network (ConvNet)

Convolutional neural networks can be seen as learning a hierarchy of filters.

As we go deeper In the network, filters learn and respond to increasingly
specialized structures

— The first layers may contain simple orientation filters, middle layers may
respond to common substructures, and final layers may respond to entire
objects



Convolutional Layer Summary

Accepts a volume of size: W; x H; X D;
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Requires hyperparameters:
— Number of filters: K (for typical networks K € {32, 64, 128,256,512}
— Spatial extent of filters: F' (for a typical networks F' € {1, 3,5, ...})
— Stride of application: S (for a typical network S € {1,2})
— Zero padding: P (for a typical network P € {0,1,2})
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Convolutional Layer Summary

Accepts a volume of size: W; x H; X D;
Requires hyperparameters:
— Number of filters: K (for typical networks K € {32, 64, 128,256,512}
— Spatial extent of filters: F' (for a typical networks F' € {1, 3,5, ...})
— Stride of application: S (for a typical network S € {1,2})
— Zero padding: P (for a typical network P € {0,1,2})
Produces a volume of size: W, x H, x D,
W, = (W; — F+2P)/S +1 H,=(H; — F+2P)/S +1 D,

Number of total learnable parameters: (F' X F' x D;) x K + K



What filters do networks learn?
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What filters do networks learn?

| Zeller and Fergus, 2013 |



First Layer Hilters ...

Directly visualize filters (only works for the first layer)

el
o I _
NENEFE=N
TR
il
ResNet-18: ResNet-101: DenseNet-121:
64x3x7 X7 64 x3x7x7 64 X3 X7 X7

AlexNet:
64 x3x11x11

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



First Layer Hilters ...

Directly visualize filters (only works for the first layer)
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64 x3x 11 x 11 ... surprisingly similar across variety of networks
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First Layer Hilters ...

Directly visualize filters (only works for the first layer)

K
ST _
SENEFE=N

ey
Bl
ResNet-18: ResNet-101: DenseNet-121:
- 64 x3x7x7 64 x3x7x7 64 x3x7x7
AlexNet: o o |
64 x3x 11 x 11 ... surprisingly similar across variety of networks

... and nearly any dataset

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



VMaximally Activating Patches

— Pick a layer and a channel; e.g., consd of AlexNet Is 128x13x13
— Run many images through the network

— Visualize image patches that correspond to maximal activation of the neuron

[ Springenberg et al., 2015 ]

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Intermediate Features through (Guided) BackProp

— Pick a single intermediate neuron somewhere in the network, e.g., neuron In
128x13x13 convbd feature map

— Compute gradient of neuron value with respect to image pixels

3\.,?: !
- .-'--.,':; v 1‘.‘,- 4 L .'_:_:.:"'
‘i» 192 192 128 2048 Joag \dense
AN, 13 \ 13
P’ - - \ I r> N .
- & 3 heoc v-:F..

|
|

192 192 128 Max

| Zeiler and Fergus, 2014 |
[ Springenberg et al., 2015 ]

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Intermediate Features through (Guided) BackProp

Y Saina)
AL SRR

| Zeiler and Fergus, 2014 |
[ Springenberg et al., 2015 ]

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Gradient Ascent

(Guided) BackProp: find the part of an image that a neuron responds to

Gradient ascent: generate a synthetic image that maximally activates a
neuron
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Gradient Ascent

(Guided) BackProp: find the part of an image that a neuron responds to

Gradient ascent: generate a synthetic image that maximally activates a
neuron

I" = arg max f(I) + R(I)
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Gradient Ascent

(Guided) BackProp: find the part of an image that a neuron responds to

Gradient ascent: generate a synthetic image that maximally activates a
neuron

I" = arg max f(I) + R(I)

Neuron Value
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Gradient Ascent

(Guided) BackProp: find the part of an image that a neuron responds to

Gradient ascent: generate a synthetic image that maximally activates a
neuron

Natural Image Regularizer

I" = arg max f(I) + R(I)

Neuron Value

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Gradient Ascent

1. Initialize image with all zeros (can also start with an existing image)
2. Forward image to compute the current scores
3. BackProp to get gradient of the neuron with respect to image pixels

4. Make a small update to an image

Natural Image Regularizer

I" = arg max f(I) + R(I)

Neuron Value

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Gradient Ascent

1. Initialize image with all zeros (can also start with an existing image)
2. Forward image to compute the current scores
3. BackProp to get gradient of the neuron with respect to image pixels

4. Make a small update to an image

Natural Image Regularizer R(I) = —\||I||3

I" = arg max f(I) + R(I)

Score for class C before softmax

| Simonyan et al., 2014 |

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Gradient Ascent

dumbbell cup dalmatian

Natural Image Regularizer R(I) = —\||I||3

bell pepper lemon husky

I" = arg max f(I)+ R(I)

Score for class C before softmax

| Simonyan et al., 2014 ]

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Gradient Ascent

. With a few additional tweaks

bell pepper cardoon strawberry orange pineapple hay | alp bubble chiff
beer bottle birdhouse breakwater breastplate caldron candle cinema cowboy boot

entertainment gasmask golf ball golfcart gown grand piano hourglass jack-o'-lantern

lampshade monitor mosque motor scooter [ planetarium | sarong schooner

[ Nguyen et al., 2015 ]

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Deep Dream [ Mordvinsev, Olah, Tykal

https:// www.youtube.com/watch?v=DgPaCWJL 7/ XI&t=11s



https://www.youtube.com/watch?v=DgPaCWJL7XI&t=11s

Deep Dream [ Mordvinsev, Olah, Tykal

https:// www.youtube.com/watch?v=DgPaCWJL 7/ XI&t=11s



https://www.youtube.com/watch?v=DgPaCWJL7XI&t=11s

Pooling Layer
Let us assume the filter is an “eye” detector

How can we make detection spatially invariant
(insensitive to position of the eye in the image)

* slide from Marc’Aurelio Renzato



Pooling Layer
Let us assume the filter is an “eye” detector

How can we make detection spatially invariant
(insensitive to position of the eye in the image)

By “pooling” (e.g., taking a max) response
over a spatial locations we gain robustness
to position variations

* slide from Marc’Aurelio Renzato



Pooling Layer

* Makes representation smaller, more manageable and spatially invariant

* Operates over each activation map independently

224x224x64

/ / o 1/1 2x112x64
/ ﬁ V

4

> e 112
224 downsampling
112
224

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford




Pooling Layer

* Makes representation smaller, more manageable and spatially invariant

* Operates over each activation map independently

224x224x64
/// 112x112x64

pool i y
)/ How many parameters”

&

> e 112
224 downsampling
112
224
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Pooling Layer

* Makes representation smaller, more manageable and spatially invariant

* Operates over each activation map independently

224x224x64
/// 112x112x64

pool i y
)/ How many parameters”

& None!

> e 112
224 downsampling
112
224

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford
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Max Pooling

activation map
® ® / ® o 3
max pool with 2 x 2 filter
3 % 1 O and stride of 2 3 4

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Average Pooling

activation map

avg pool with 2 x 2 filter

and stride of 2



Deep Learning Terminology
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set deeper = better
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)

requires knowledge of the nature of the problem
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)

requires knowledge of the nature of the problem

 Parameters: trainable parameters of the network, including weights/biases of
inear/fc layers, parameters of the activation functions, etc.
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)

requires knowledge of the nature of the problem

 Parameters: trainable parameters of the network, including weights/biases of
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Deep Learning Terminology
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)

requires knowledge of the nature of the problem

 Parameters: trainable parameters of the network, including weights/biases of
inear/fc layers, parameters of the activation functions, etc. [elitri R RC PRI (=l Ie

* Hyper-parameters: parameters, including for optimization, that are not optimized
direct\y as part Of training e.9., learning rate, batch size, drop-out rate)
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)

requires knowledge of the nature of the problem

 Parameters: trainable parameters of the network, including weights/biases of
inear/fc layers, parameters of the activation functions, etc. [elitri R RC PRI (=l Ie

* Hyper-parameters: parameters, including for optimization, that are not optimized
direct\y aS part Of training e.9., learning rate, batch size, drop-out rate)



Deep Learning Terminology
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* Network structure: number and types of layers, forms of activation functions,
dimensionality of each layer and connections (defines computational graph)

generally kept fixed, requires some knowledge of the problem and NN to sensibly set
* Loss function: objective function being optimized (softmax, cross entropy, etc.)

requires knowledge of the nature of the problem

Specification of neural architecture will define a computational graph.




Training

Initialize parameters of all layers

For a fixed number of iterations or until convergence
— Form mini-batch of examp\es (randomly chosen from a training dataset)

— Compute forward pass to make predictions for every example and

Compute the loss (this involves recursively calling forward() for each intermediate layer along
computational graph)

— Compute backwards pass to compute the gradient of the loss with

respect 1o each parameter for each example (involves traversing computational graph in
reverse order calling backward() on intermediate nodes and composing intermediate gradients — chain rule)

— Update parameters of all layers, by taking a step in the negative
average gradient direction (computed over all examples in the mini-batch)




Inference / Prediction

Compute forward pass with optimized parameters on test examples



Monitoring Learning: Visualizing the (training) loss

Loss

25

00

20

100

loss

low learning rate

high learning rate

good learning rate ul

epoch

* slide from Li, Karpathy, Johnson’s CS231n at Stanford



Monitoring Learning: Visualizing the (training) loss

0.80

Big gap = overfitting

075 |

! ~ Solution: increase regularization
NoO gap = undercutting
Solution: increase model capacity
\/
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045}

— Training accuracy

- | | | _— Vallidation accuracy Sma‘ ‘ gap — ideal
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* slide from Li, Karpathy, Johnson’s CS231n at Stanford



