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Gradient Descent

Direction of

- From derivative to gradient greatest
increase of
af (x) > Vx f(x) | the function

dx
« Gradient steps in direction of negative gradient

vxf(x) X , v f( )

N

Learning rate



Convergence
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Numerical vs Analytical Gradient

Given the function f(x) =%
-> compute f'(1.0)



Numerical vs Analytical Gradient

Given the function f(x) =%
-> compute f'(1.0)

Numerical gradient:
fx+h)—f(x)
h

d =
ax ) = 1%
forh = 0.001

f(1.001) — £(1.0)

f'(1.0) = 0001 = —0.999




Numerical vs Analytical Gradient

Given the function f(x) =%
-> compute f'(1.0)

Numerical gradient: Analyticalgradient gradient:
d _ fx+h) - fx)
—f(x) = lim d 1
dx h-0 h —f(X) -
dx X2
forh = 0.001
1
ffA0)=——5=-1
1.001) — (1.0 .02
f’(1.0):f( ) — f( ):_0.999 1.0

0.001



Numerical vs Analytical Gradient

Given the function f(x) =%
-> compute f'(1.0)

Numerical gradient: Analyticalgradient gradient:
d _ fx+h) - fx)
—f(x) = lim d 1
dx h-0 h —f(X) -
dx X2
forh = 0.001
1
ffA0)=——5=-1
1.001) — f(1.0 2
Frng) =L LD = FAD _ 504 1.0

0.001

Slow ®, approximate ®, easy-to-write © Fast ©, exact” ©, error-prone ®



Computational Graphs

* foyz)=x+y) -z

fx,y,2)




Computational Graphs

Convolution
AvgPool
MaxPool

&9 Concat

@ Dropout

@ Fully connected

@ Softmax

Another view of GoogleNet’s architecture.



Backprop: cont'd



Backprop: Forward Pass

c f(x,y,z)=(x+y)-z nitializationx = 1,y = -3,z = 4




withx=1,y=-3,z=4

d

f

f(xrylz) — (X +y) " Z

od _ . ad

=x+y = ,£=1
— 4. of _, of _
=d-z od — %9 = 4

\What |saf of 9f 5
dy 6z

Backward Pass

Backprop:




Backprop: Backward Pass

f,y,z2)=x+y) -z
withx=1,y=-3,z=4

ad ad
d=x+y P ,£=1
—d. of _, 9 _
f=d-z ad_Z’az_d
of
of of @ of
What is 2L, 2L 97 5

ox’oy’oz



Backprop: Backward Pass

f,y,z2)=x+y) -z
withx=1,y=-3,z=4

ad ad

d=x+y £=1,£=1

_ o _ I

f=d-z ad_Z’az_d
of
0z




f,y,z2)=x+y) -z
withx=1,y=-3,z=4

ad ad

—q. or _ |9f
f=d-z ik

Backward Pass

Backprop:




Backprop: Backward Pass

f,y,z2)=x+y) -z
withx=1,y=-3,z=4

d=x+y Z—z=1,g—z=1
of of
=d-z —=z —=d
/ od 0z Chain Rule: T:
daf of od oy
\/hat ISaf 6f Zf dy dd 0dy
z af
=4-1=4

ay



Backprop: Backward Pass

f,y,z2)=x+y) -z
withx=1,y=-3,z=4

d=x+y = L £=1
of of
=d-z —=z —=d
/ od 0z Chain Rule: oF
af_af ad Epe
\/hat ISaf 6f ZJZ” Jdx 0d O0x
—>Q=4-1=—4



Backprop:

fx,y,z)=(x+y) -z 41;
withx=1,y=-3,z=4
-3
4
ad ad
d—X'I‘y ax .E—l 4
_ . of _ _of _
f=d-z 5 — % 3, = 4

\What |saf of 9f 5
dy az

Backward Pass

1
aChalg Ruged: of
f_of. az || of
dy dd 0y

INC R




Activations &

<

The Flow of Gradients

z:f(a:,y)

§

Activation function

\ 4



The Flow of Gradients

oL B 0z OL
Oz 0z

L ‘local gradients’

% 0z

25

0 oL

< 0y 5,

Y grgients

Activation function



f(WO) xO; W1; x]_) b) =

Backprop

1 + e—(W0x0+W1X1+b)

R -



Backprop

f(wg, xo, w1, x1,b) = 1 4+ e-Woxo+wix1+b)

wy 200

N —2.00
Xy —1.00
~3.00
W4 —\
100 N —1.00 /7 N\ 037 / \ 137
—-2.00 »(*—1 > > 11 >
*1 ) T\




f(WO) xO) W]_; x]_) b) =

wy 200

—3.00

Wl_\

xl ﬁ/' +
—3.00
b

flx) =e*

fo(x) =ax

) —2.00
Xo —-1.00

6.00

Backprop

4.00

of
6x_e
Ofa
ax_a

1 _l_ e—(W0x0+W1xl+b)

1.00 :@ —1.00:@ 0.37 :@ 137
_1 N
f(x) T x g dx  x2
_ O
ffx)=c+x > —==1




f(WO) X0, W1, X1, b) =

W, 2.00

—3.00

wl—\

xl ﬁ/' *
—3.00
b

fx) =e*

fa(x) = ax

N\ —2.00
X —1.00

6.00

Backprop

4.00

of _ «x
6x_e
Ofa

ax_a

1 + e—(WoXo+W1x1+b)

100 /7N 100 /N 037 /T

S e Ne)
S SN g
f(x)—x > ox  x2
_ L%
) =c+x > ZE=1



Backprop

f(wo, xg, Wy, x1,b) = 1 4+ e-Woxo+wix1+b)

W, _2.00
3 —2.00
Xg —1.00
4.00
—~3.00 — -(1.00) = —0.53
Wy = 1.372
6.00
X1 —2.00 A N 1.00 :Q —1.00:/x\ 0.37 :/\ 137 :Clj 0.73
/ U U Ql/ —0.53 X 1.00
p =300
of _1 L 9 __ 1
f(x) =e” —> ax e” f(x) x g ox x2
_ Ofa _ — o e
fi(x)=ax -> —Zt=a f[(x)=c+x -> ax_l




Backprop

f(wo, xg, Wy, x1,b) = 1 4+ e-Woxo+wix1+b)

Wy 200
g —2.00
Xo —1.00
4.00
—3.00 1-(—-0.53)= —-0.53

Wi ——\
6.00
1.00 ~1.00
LN :@ﬂ» 137 e 0.73
~053 1.00

xly + 'U
—0.53
b —3.00

of _1 I
f(x) =e” e azex fGx) x g dx x2

of, _ of,
fa¥)=ax > —==a fe)=ctx > F°=1




Backprop

f(wy, xg,wy,x4,b) =

w, 200

) ~2.00
X —1.00
4.00
~3.00
W1

1.00

—2.00 /*
ﬂ/'

1 + e—(W0x0+W1x1+b)

(e71)(=0.53) = —0.20

—1.00 /N 037 |/ O\ 137

> 1
020 ) 053 [\ 03

af flx) = 1 N
f(x) =e” R e” (x) x 7 ax x2

) of,
fax)=ax > —a]:z‘ =a fefx)=c+x —> a_xc =1




f(WO) X0, W1, X1, b) =

W, 2.00

—3.00

Wl—\

Ny —2.00
X —1.00

6.00

Backprop

4.00

1 + e—(WoXo+W1x1+b)

(—1)(-0.20) = 0.20

— 1.00 ( ) ~1.00 @
—3.00
b

f =, -

e U
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.
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Backprop

f(wg, xo, w1, x1,b) = 1 4+ e-Woxo+wix1+b)

w, 200

0 0
\ —-2.00 f(x,y)=x+y - £=1,£=1
Xn —1.00
° 1-(0.2)=0.2

4.00

1-(0.2)=0.2

oo 237 137 (T 073
U—O.SB U—0_53 x 1.00




Backprop

f(wo, xg, Wy, x1,b) = 1 4+ e-Woxo+wix1+b)

w, 200
\ —-2.00 f(x,y)=x+y - Z—£=1,Z—£=1
Xo —1.00 020 \
~300 0.20 1-(0.2)=0.2
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6.00
X, —200 0.20 )10 AN —1.00:/ex\ 037 =© 137 (17 073
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—3.00
b 0.20
? _1 S __1
fx) =e* > ézex f(x)_x 7 a2
of, _ of
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Backprop

f(wg, xo,wy,x1,b) = 1 4+ e-Woxo+wix1+b)

W 200
X k100 0.20
L 0.39 2-(0.2) =39
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Backprop

f(wg, xo, w1, x1,b) = 1 4+ e-Woxo+wix1+b)

Wy 200
e \e d d
0.20 —-2.00 f(x,y) =xy -> é:y]é: X
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Backprop

f(wg, xo, w1, x1,b) = 1 4+ e-Woxo+wix1+b)

W, _2.00
—0.20 N ~2.00
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Backprop

f(WO) xO; W]_; x]_) b) =

1 + e~ Woxo+twyx4+b)
2.00

"0 TN 200 \Why use a compute graph
Xy —1.00 /‘C 0.20 \ N the first pLaC@?

~0.39 _
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0.20 sigmoid function
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What happens If there are
multiple outputsin a
compute node?

Backpropagation

N



Backpropagation

What happens If there are
loops In the grapn?

loop




Computational Graph

f:W L —Z#yzmax(o 8j — 8y, + 1)

s (scores)

R(W)

Combining nodes:
Linear activationnode + hinge loss + regularization

Credit Li/Karpathy/Johnson



Implementation of Compute Graph

class ComputationalGraph(object):
#...
def forward(inputs):
1) forward #1. [pass inputs to input nodes]
y #2. forward traverse the computational graph
x:::: for node in self.graph.nodes topologically sorted():
node.forward()

LN # forward intermediates / loss
o (e D)—(D— return loss # final node returns Loss
b def backward():

< for node in self.graph.nodes topologically sorted reverse():
2) backwards node.backward() #apply chainrule
# backward intermediate derivatives
return inputs gradients

v




Implementation of Nodes

« Forward and backward pass of MulNode

N

all values are scalars

class MulNode(object):

def forward(x,y):
z=x*y
return z

def backward(dz, x, y):
dx = y*dz # [dz/dx * dL/dz]
dy = x¥dz # [dz/dy * dL/dz]
return [dx, dy]

Issue?



Implementation of Nodes

« Forward and backward pass of MulNode

N

all values are scalars

class MulNode(object):
def forward(x,y):

z = x*y
self.x = X
self.y = y
return z

def backward(dz):
dx = self.y*dz # [dz/dx * dL/dz]
dy = self.x*dz # [dz/dy * dL/dz]
return [dx, dy]

Cache results of forward pass
-> faster runtime for backward pass



=) === R ierleeRt R e

[£) LeakyRelU.lua
[E) Linear.lua

E) Log.lua

E) LogSigmoid.lua
E) LogSoftMax.lua
E) LookupTable.lua
E) MM.lua

[E) MSECriterion.lua
E) MV.lua

[E) MapTable.lua

[E) MarginCriterion.lua

[E) MarginRankingCriterion.lu:

[E) MaskedSelect.lua
E) Max.lua

[E) Maxout.lua

E) Mean.lua

E) Min.lua

[E) MixtureTable.lua
E) Module.lua

E) Mullua

Toren:-

add nn.Inc & nn.Scale

[E) MulConstant.lua

E) MultiCriterion.lua

e b 2

lazy init

|£] Reshape.lua

E) Select.lua

E) SelectTable.lua

[E) Sequential.lua

&) Sigmoid.lua

[E) SmoothL1Criterion.lua

E) SoftMarginCriterion.lua

E) SoftMax.lua

B SoftMin.lua

E) SoftPlus.lua

&) SoftShrink.lua

[E) SoftSign.lua

[E) SparseJacobian.lua

[E) Sparselinear.lua

[E) SpatialAdaptiveAveragePooling.lua
[E) SpatialAdaptiveMaxPooling.lua

[E) SpatialAutoCropMSECriterion.lua

Add THNN conversion of|ELU, LeakyRelU, LogSigmoid, LogSoftMax, Looku...

-ayers (GitHub

Add THNN conversion of {ELU, LeakyRelU, LogSigmoid, LogSoftMax, Looku...

Fix shared function override for specific modules

Better __tostring__ and cleans formatting

Adds negative dim arguments

= TP EREEIE MY

a year ago
onths ago
a year ago
a year ago

a year ago

4 months ago

allow SelectTable to accept input that contains tables of things that...

Improve error handling

Add THNN conversion of {RRelLU, Sigmoid, SmoothL1Criterion,SoftMax, So...

Add THNN conversion of {RRelLU, Sigmoid, SmoothL1Criterion,SoftMax, So...

SoftMarginCriterion

Add THNN conversion of {RReLU, Sigmoid, SmoothL1Criterion,SoftMax, So...

nn.clearState

Add THNN conversion of {RReLU, Sigmoid, SmoothL1Criterion,SoftMax, So...

Add THNN conversion of {oftShrink, Sqrt, Square, Tanh, Threshold}

nn.clearState

Fix various unused variables in nn
Fixing sparse linear race condition
Add SpatialAdaptiveAveragePooling.
Indices for nn.

fix local / global var leaks

a year ago
11 months ago
2 months ago
ayear ago

a year ago
ayear ago

a year ago
ayear ago
ayear ago
ayear ago
ayear ago
ayear ago

3 years ago
ayear ago

4 months ago
7 months ago

4 months ago



local MulcConstant, parent = torch.class('nn.MulConstant’, 'nn.Module')

function MulConstant: _init(constant_scalar,ip)
parent.__init(self)
assert(type(constant_scalar) == 'number’, 'input is not scalar!')
self.constant_scalar = constant_scalar

Torch: MulConstant

-- default for inplace is false e e |nit()

self.inplace = ip or false

if (ip and type(ip) ~= 'boolean’) then
error('in-place flag must be boolean')

end

end

function MulConstant:updateoutput(input)
if self.inplace then
input:mul(self.constant_scalar)
self.output:set(input)
else

self.output:resizeAs(input)

f(x)=aX

self.output:copy(input) e I:O r\X/a rd ()

self.output:mul(self.constant_scalar)
end
return self.output
end

function MulConstant:updateGradInput(input, gradoutput)
if self.gradInput then

if self.inplace then
gradoutput:mul(self.constant_scalar)
self.gradInput:set(gradoutput)
-- restore previous input value
input:div(self.constant_scalar)

else

self.gradInput:copy(gradoutput)
self.gradInput:mul(self.constant_scalar)
end
return self.gradInput

end
A

self.gradInput:resizeAs(gradoutput) S B a C kwa rd ()



[E) absval_layer.cpp

[ absval_layer.cu

[ accuracy_layer.cpp

[ argmax_layer.cpp

[) base_conv_layer.cpp

[) base_data_layer.cpp

[ base_data_layer.cu

[ batch_norm_layer.cpp
[) batch_norm_layer.cu

[ batch_reindex_layer.cpp
[ batch_reindex_layer.cu
B bnll_layer.cpp

2 bnll_layer.cu

[) concat_layer.cpp

[ concat_layer.cu

[ contrastive_loss_layer.cpp
[E) contrastive_loss_layer.cu

[E) conv_layer.cpp

Caffee: Layers (GitHub)

dismantle layer headers

[E) concat_layer.cu

[E) contrastive_loss_layer.cpp
[£) contrastive_loss_layer.cu
[E) conv_layer.cpp

[E) conv_layer.cu

[£) cudnn_conv_layer.cpp
[E) cudnn_conv_layer.cu

[E) cudnn_len_layer.cpp

[E) cudnn_len_layer.cu

[E) cudnn_Im_layer.cpp

[E) cudnn_lm_layer.cu

[E) cudnn_pooling_layer.cpp

[£) cudnn_pooling_layer.cu

cudnn_relu_layer.cpp

[E) cudnn_relu_layer.cu

[E) cudnn_sigmoid_layer.cpy
[E) cudnn_sigmoid_layer.cu
[E) cudnn_softmax_layer.cpp

[E) cudnn_softmax_layer.cu

=N Msdrnn fank 1awvar A2

dismantle layer headers

dismantle layer headers
dismantle layer headers
dismantle layer headers

[E) pooling_layer.cpp

[E) pooling_layer.cu

[E) power_layer.cpp

[£) power_layer.cu

[E) prelu_layer.cpp

[E) prelu_layer.cu

[E) reduction_layer.cpp

[£) reduction_layer.cu

[E relu_layer.cpp

[E) relu_layer.cu

[£) reshape_layer.cpp

[£) sigmoid_cross_entropy_loss_layer.cpp

[E) sigmoid_layer.cpp

[E) sigmoid_layer.cu
[ silence_layer.cpp
[E) silence_layer.cu

) slice layer.cpp

2 years ago

2 years ago

dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers
dismantle layer headers

dismantle layer headers

2 years ago
2 years ago

2 years ago

2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago
2 years ago

2 years ago



#1nclude “caffe/layers/sigmoid_layer.hpp™

namespace caffe {

Caffe: Sigmoid_Layer

inline Dtype sigmoid(Dtype x) {
return 1. / (1. + exp(-x));

1

template <typename Dtype>
void SigmoidLayer<Dtype>::Forward_cpu(const vector<Blob<Dtype>*>& bottom
const vector<Blob<Dtype>*>& top) {
const Dtype* bottom_data = bottom[@]->cpu_data();
Dtype* top_data = top[@]->mutable_cpu_data();
const int count = bottom[@]->count();
for (int 1 = 0; 1 < count; ++1i) {
top_data[i] = sigmoid(bottom_data[i]);

T = e

«— Forward()

template <typename Dtype>
void SigmoidLayer<Dtype>::Backward_cpu(const vector<Blob<Dtype>*>& top,
const vector<bool>& propagate_down,
const vector<Blob<Dtype>*>& bottom) {
if (propagate_down[@]) {
const Dtype* top_data = top[@]->cpu_data();
const Dtype* top_diff = top[@]->cpu_diff();
Dtype* bottom_diff = bottom[@]->mutable_cpu_diff();
const int count = bottom[@]->count();
for (int i = 0; i < count; ++i) {
const Dtype sigmoid_x = top_data[i];
bottom_diff[i] = top_diff[i] *Isigmoid_x * (1. - sigmoid_x); Iq—

«— Backward()

1

— o' (x) = (1 — a(x))a(x)




Vectorized Operations

oL B 0z OL
Or  Ox Oz

What if x,y.z,

o ‘local gradients’ are vectors?
% 0z
ét) oy (‘;L

Activation function
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Vectorized Operations

oL 0z 0L
= x ‘x\am 46}82_ ‘local gradients’

These are now
vectors

- 0z
'..C:>> Z=12q,Z,, ..
c = 4 :
g <
O oL
< 0y 3,

gradients

Y =1Y1,Y2, s Ynl
Activation function

) Zn]
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Vectorized Operations

Gradients are

B ox 0z

|
5
=

=
N

Activations

Y = Y1, Y2, 0 Y

0z

Oz

0z

y

Activation function

‘local gradients’

§

Nnow also vectors!

0z

gradients



=

Vectorized Operations

a_L_azaL
Or  Ox Oz

"local gradients’

|
5
=
=
N

n

% 0z
= ox
= 0z
O
<

y

Y = Y1, Y2, 0 Y

Need derivative of

every output element
w.rt.

very input element!

zZ = [ZE,ZZ, ey Zy ]

oL
0z

gradients

Activation function
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Vectorized Operations

Jacobian Matrix:
_a a -
9L 9z 0L o . 0a
—_— — 1 n
Ooxr  Ox 0z | SRR
P N local gradien ? ?
% Oz L0x4 X -
'4(—§ Ox f i 2= (2325, 120)
O 0L
< oy 3,
gradients

Y = [Y1,¥2) w0r Yul
Activation function
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Vectorized Operatio

oL B 0z OL
Or Oz Oz

:m[x1:x2 n

C

O

T

=

0

<

Y = Y1, Y2, 0 Y

‘local gradients’

0z

Oz £

0z

y

Activation function

Nns

Jacobian Matrix;

(024

0z,

I

0y,

071
0Yn
3z,

Y-

zZ = [ZE,ZZ,

oL

0z

gradients

) Zn]



Vectorized Operations

Jacobian Matrix:

Assuming input and output € R*9% 0z,  0zy

0y, 0Yn

9z, 0z,

L0y, 0 Y

X = [X1,X2, s Xp]
x € ]R4096 E
0z
| | Z=121,Z9, ., Zy]
What is the size ay 7 € R*096

of the Jacobian?
dim(]) = 4096x4096



Vectorized Operations

Jacobian Matrix:

- 024 071
How efficientis that: 3v. " 3
- dim()) = 4096x4096 = 16.78 mio oo O
- Assuming floats(i.e, 4 bytes / elem) 0z, iz,
- ->04 MB _n ... _n
L0y, 0y,

Typically, networks are run in batches:
- Assuming mini-batch size of 16
- ->dim(J) = (16 - 4096)%(16 - 4096) = 4295 mio

- ->106.384MB = 16GB

How to handle this?




| 0SS Functions



Nalve Losses

L2 Loss: L% = ’le(yl- —f(xi))z 12 |24 | 42| 23 15 | 20 | 40 | 25

- Sum of squared differences (SSD) 34 | 32| 5| 2 34 32| 5|2

- Prune to outlilelrs - 12 | 31| 12 | = 2| 31| 12| 3

- Compute—lefﬂment (optimization) ol ea = | SV IV R

- Optimum is the mean . a .
1 |
Xi Yi

L1loss: LY =30, |y, — f(x)
Sum of absolute differences L*(x,y) =9+ 16 +4+4+0+--+0=066

Robust ) B -
Costly to compute L*(x,y) =3+4+2+2+0+--+0=15

Optimum is the median



Hinge Loss (SVM Loss)

Multiclass SVM loss  L; = Y5, max(0,s; — s, + 1)

J£Yi



Hinge Loss (SVM Loss)

Multiclass SVM loss Ly = Xy,

Score function s =f(x;, W)
eg. fx, W) =W - [xg,xq, ..., xy]"

max(O,S- —S,. + 1) Given a function with weights W,
] Vi = ‘ .
Training pairs [x;; v;] (input and labels)



Hinge Loss (SVM Loss)

Multiclass SVM loss Ly = Xy,

Score function s = f(x;;W)
e.g., f(xl,W) =W - [xo,xl, ...,xN]T

maX(O,S' —S,. + 1) Given a function with weights W,
] Vi . ‘ .
Training pairs [x; y;] (input and labels)

Suppose: 3 training examples and 3 classes




SCOres

Hinge Loss (SVM Loss)

Multiclass SVM loss  L; = Y., max(0,s; — sy, + 1)

Score function s = f(x;;W)
e.g., f(xl,W) =W - [xo,xl, ...,xN]T

Suppose: 3 training examples and 3 classes

cat
chair 51
‘car’ -1/

Given a function with weights W,
Training pairs [x; y;] (input and labels)



SCOres

Multiclass SVM loss  L; = ),

Hinge Loss (SVM Loss)

J#Yi
Score function s = f(x;;W)
e.g., f(xl, W) =W - [xo,xl, ...,xN]T

Suppose: 3 training examples and 3 classes

cat
chair
‘car’

0SS

maX(O, Sj - Syi + 1) Given a function with weights W,

Training pairs [x; y;] (input and labels)

L=

max(0,5.1 -3.2+ 1)+
max(0,—1.7—3.2+1) =

= max(0, 2.9) + max (0, —3.9) =
=294+0-=

= 2.9



SCOres

Hinge Loss (SVM Loss)

Multiclass SVM loss Ly = Xy,

Score function s = f(x;;W)
e.g., f(xl,W) =W - [xo,xl, ...,xN]T

Suppose: 3 training examples and 3 classes

maX(O,S' —S,. + 1) Given a function with weights W,
] Vi . ‘ .
Training pairs [x; y;] (input and labels)

L,=

max(0,1.3 —49+ 1) +
max(0,2.0—49+ 1) =

= max(0, —2.6) + max(0, —1.9) =

cat =04+0=
chair =0
‘car’

| 0SS 2.9 O



SCOres

Multiclass SVM loss  L; = ),

cat
chair
‘car’

Score function

Hinge Loss (SVM Loss)

0SS

O 10.9

J#£y; maX(O, Sj — Syi + 1) Given a function with weights W,

s = fx, W)
ed. flx,W) =W -[xg,xq4, ..., x5l

Suppose: 3 training examples and 3 classes

Training pairs [x; y;] (input and labels)

L=

max(0,2.2 - (=3.1)+ 1)+
max(0,2.5—-(-3.1)+ 1) =

= max(0,5.3) + max(0,5.6) =
=534+5.6 =

=10.9



SCOres

Hinge Loss (SVM Loss)

Multiclass SVM loss  L; = ),

Score function
eg. flu,W)y=Ww

J£Yi

max(0,s; — s, +1)

=fx,W)

¢ [xo,xl, ,xN]T

Suppose: 3 training examples and 3 classes Fu

cat
chair
‘car’

| 0SS 2.9 O

10.9 o

Given a function with weights W,
Training pairs [x; y;] (input and labels)

Il Loss (over all pairs).

_ZL _

L1+L +Ls _

3

_29+0+109

3
4.6



Welight Regularization & SVM Loss

Multiclass SVM loss Ly = X, max(0, f (x;; W) j — f(x;; W), + 1)

J£Yi

Fullloss L=—¥8, %, max(0, f(x;; W), — fCx; W)y, + 1) + AR(W)

J*yi

L*-reg. R*(W) =X X sy, Wil
L*-reg. RP(W) = XL, Xjuy, W



Welight Regularization & SVM Loss

Multiclass SVM loss Ly = X, max(0, f (x;; W) j — f(x;; W), + 1)

J£Yi

Fullloss L=—30, %, max(0, fCx; W) — fes W)y, +1) + AR(W)

J*yi

L*-reg. R*(W) =X X sy, Wil
L*-reg. RP(W) = XL, Xjuy, W

Example:
x =1[1,1,1,1]
w; =1[1,0,0,0] R*(wy) =1

w, = [0.25,0.25,0.25, 0.25] R*(w,) = 0.25% + 0.25% + 0.25% + 0.25% = 0.25

wix=wjx=1



SCOres

Cross-Entropy (Softmax)

Sy.
e Vi
Softmax Li - = lOg(Z esj) Given a function with weights W,

t Training pairs [x; yi] (input and labels)

Score function s = f(x;;W)
e.g., f(xl,W) =W - [xo,xl,...,xN]T

Suppose: 3 training examples and 3 classes

cat
chair 51
‘car’ -1/

0SS



SCOres

Cross-Entropy (Softmax)

Syl
Softmax Li==—dog§§?7)

Score function s = f(x;;W)
e.g., f(xl,W) =W - [xo,xl,...,xN]T

Suppose: 3 training examples and 3 classes

cat
chair
‘car’

0SS

5.1

32
5.1
-17

Given a function with weights W,
Training pairs [x; y;] (input and labels)



SCOres

Cross-Entropy (Softmax)

Syl
Softmax Li==—dog§§?7)

Score function s = f(x;;W)
e.g., f(xl,W) =W - [xo,xl,...,xN]T

Suppose: 3 training examples and 3 classes

cat
chair
‘car’

0SS

5.1

Given a function with weights W,
Training pairs [x; y;] (input and labels)

32
5.1
-17

v

24.5
164.0
018




SCOres

Cross-Entropy (Softmax)

Syl
Softmax Li==—dog§§?7)

Given a function with weights W,
Training pairs [x; y;] (input and labels)

Score function s = f(x;;W)
g, fauW) =W - [xo,xy, ., xy]" :
- 32 245 |1 013
Suppose: 3 training examples and 3 classes 51.§?=164o T, 0.87
-17 018 [S | 0.00

cat
chair 51
‘car’ -1/

0SS



SCOres

Cross-

Softmax

Score function

eg. flx, W) =W

S—f@pW)

° [xo,xl,

)xN]

Suppose: 3 training examples and 3 classes

cat
chair
‘car’

T

_ntrOpy (Softmax)

L;=— log(—s—)

Given a function with weights W,
Training pairs [x; y;] (input and labels)

32
5.1
-17

v

24.5
164.0
018

v

normalize

013
0.87
0.00

- ng(x)

2.04
014
6.94

0SS

2.04




SCOres

Cross- _ntrOpy (Softmax)

Softmax L;=— log(—s—)

Given a function with weights W,
Training pairs [x; y;] (input and labels)

Score function = f(xl-,W)
e.g., f(xl,W) = W : [xo,xl, ...,xN]T @
| o 32 |, | 245 [N | 013 |z |204
Suppose: 3 training examples and 3 classes 51 fe] 1640 T, 0.87 2 014
-17 018 S |0.00|" 694
- —ZL -
cat 32 2. ’ L1+ L +L3
chair 51 25 3
‘car’ -1/ -31

2.04+0.14+6.94

L 0SS 2.04 014 6.04 - 3
=912




Hinge Loss vs Softmax

Hinge loss! L; = Y., max(0,s; —s,, + 1)

Sy.

Softmax L; = — log(ze_—es,})

J#Yi



Hinge Loss vs Softmax

Hinge loss! L; = Y., max(0,s; —s,, + 1)

Sy -

Yi
Softmax L; = — log(ze._es?)

J#Yi

Given the following scores:
s =[5,—3,2]

s =[5, 10, 10]

s = [5,—20,—20]

yi=0




Hinge Loss vs Softmax

Hinge loss! L; = Y., max(0,s; —s,, + 1)

J#Yi

Syl
Softmax L; = —log(&eg)
Given the following scores: Hinge loss:
max(0,—-3—-5+1) +
s =[5,-3,2] max(0,2—5+1) =0
max(0,10—-5+1) +
s = [5,10, 10] max(0,10—-5+1) =12

max(0,—-20 -5+ 1)+

s = [5,-20,-20] max(0,—20 =5+ 1) =0

yi=0




Hinge Loss vs Softmax

Hinge loss! L; = ).y, max(0,s; — s, + 1)

Sy.
e i
Softmax L; = _log(z_ﬁ)
i
Given the following scores: Hinge loss: Softmax loss:
max(0,—-3-5+1) + Google.
s =[5,—3,2] max(0,2—5+1) =0 -IneNB)/ (eNB)eN-3)+eN2))-0.05
max(O, 10-5 + 1) + Goog[em
s =[5,10, 10] max(0,10 — 5 +1) = 12 In(eNE)/ (A5 e M0+ 10))-570
_ _ _ maX(O, —-20-5 + 1) + Goog[em
S = [5’ 20, 20] max(0,—20—-5+1)=0 -INEeNB)/ (eNB)+eN-20)+eN-20)-2.e-11

yi=0




Hinge Loss vs Softmax

Hinge loss! L; = Y., max(0,s; —s,, + 1)

J#Yi
e>Vi
Softmax; Li = — lOg(Z—es]—)
i
- - Hinge loss: '
Given the following scores: ge 10ss Softmax loss:
max(0,—-3—-5+1) + Google.
s =[5,—3,2] max(0,2—5+1) =0 -IneNB)/ (eNB)eN-3)+eN2))-0.05
max(0,10—5+1) + Google..
s =[5,10,10] max(0,10— 5 +1) = 12 In(eNE)/ (MBI eMN10)+eN10N)-570
_ _ _ maX(O, —20—-5+ 1) + Goog[em
S = [5’ 20, 20] max(0,—20—-5+1)=0 -INEeNB)/ (eNB)+eN-20)+eN-20)-2.e-11
yi=0 Softmax “always” wants to improve!

Hinge Loss saturates



Loss In Compute Graph

Score function S = f(xl-, W) Given a function with weights W,
_ T Training pairs [x3 y;] (input and labels)
eq. flx, W) =W - [xq,Xq1, e, Xy]

regularization loss

Syl
Softmax — L;= _log(ze._ﬁ) w . .

i S f(x,W) data Losses:
SVM Li=Y,., max(0,5; — s, +1) [

input data

?

eg. L*-reg: R*(W) = XN, wf |

labeled data

1
Fullloss  L=—%i, Li+R*(W)



Compute Graphs

Score function s = f(x;;W)
eg. flx, W) =W - [xg,x1, ., xy1"

Syl
Softmax L;= —log(;i—egj—.)
SVM L= Xy, max(0,s; — s, +1)

eg. L*-reg. R*(W) = X)L, w/

1
Fullloss L= SN L+ R*(W)



Compute Graphs

Score function s = f(x;;W)

e, fFxi, WY =W -[xq,%q1, .., xn]T
9. f W) X0, 2, ! Want to find optimal W. L.e,

weights are unknowns of

ey optimization problem
Softmax L;= _log(zi_‘ﬁ)
SVM L= Xjzy, max(0,s; — sy, +1) : Compute gradient wrt W.

eg. L*-reg. R*(W) = il w/ Gradient 7y, L Is computed

via backpropagation
1
Fullloss L= SN L+ R*(W)



TUm

INtroQuction to
Neural Networks



Neural Network

« Linear score function f = Wx

plane car bird cat deer dog frog horse ship

On CIFAR-10

truck

mushroom

Granny Smith :
SUEAWDCITY

scuba dive

OnImageNet

Credit Li/Karpathy/Johnson



Neural Network

« [inear score function f = Wx

« Neural network is a nesting of functions
— 2-layers: f = W, max(0, W;x)
— 3-layers. f = W3 max (0, W, max(0, W; x))
4-layers. f = W tanh (W3, max(0, W, max(0, W;x)))
— 5-layers: f = Wso (W, tanh(W5, max(0, W, max(0, W;x))))
— .. Up to hundreds of layers



Neural Network

1-layer network: f = Wx

X
‘ <

128x128 = 16384

10

2-layer network: f = W, max(0, W; x)

X
wo ) | h| (W
L. X

128x128 = 16384 1000

10




Neurons

impulses carried
toward cell body

branches

dendrites
axon
nucleus terminals
impulses carried
away from cell body =
cell body 0 .

>@ synapse
axon from a neuron "\’

\waO
dendrite N

&,

cell body

i1 (Z w;T; + b)
Zwiazi +b :

output axon

activation
function

w11

A

Wa T2

Credit Li/Karpathy/Johnson



Neurons

Linear function:Wx + b
Non-linearity (@ctivation: f(x)

activation
Every neuron computes: f(Wx + b)



Net of Neurons




Neural Network

output layer
input layer
hidden layer

Credit Li/Karpathy/Johnson



Neural Network

. hidden layer 1 hidden layer 2 hidden layer 3
input layer

output layer




Neural Network

f=W;- (Wy-(W;-x)))

Why activation functions?
Why not just concatenate?

Would be much cheaper to
compute..




Activation Functions

Sigmoid: o (x) = (1+i—x) /— Leaky ReLlLOJ_: max(0.1x, x)

tanh: tanh(x)

~ Parametric RelLU: max(ax, x)

Maxout max(w{ x + b;,wy x + b,)

Rel.U: max(0,x) x if x>0

LU fx) = {a(ex —1) ifx<0




Neural Network

Why organize a neural network into layers?

hidden layer 1 hidden layer 2 hidden layer 3
N

input layer

output layer




Neural Network

 Summary
— Glven a dataset with ground truth training pairs [x;; yil.

— Find optimal weights W using stochastic gradient
descent, such that the loss function is minimized

— Compute gradients with backpropagation (use batch-
mode; more later)

— |terate many times over training set (SGD; more later)



Artificial Neural Network vs Brain

Artificialneural networks: inspired but not even close to the brain!
t's much more complex than simple linearity + activations
Great for the media and news articles ©



Administrative Things

« Next Thursday 18" of May:

— More on Neural Networks ©
— More theory, best practices, applications

« Tomorrow: 15t Q&A session of the first assignment

« Tentative date for the exam: 18" of August
(not confirmed though)



