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Nearest Neighbor —
NN classifier = dog

distance
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Nearest Neighbor

the data NN classifier 5-NN classifier
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What Is the performance on training data for NN classifier?

What classifier is more likely to perform best on test data?

Courtesy of Stanford course ¢s231n
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Linear Regression

« Supervised learning

« Find alinear model that explains a target y given the
inputs X

> X

Prof, Leal-Taixe and Prof. Niessner



Linear Regression

« A linear model is expressed in the form

d
Ui = ), ®ij0; = 21101 + w3202 + - - -
j=1

> X

Prof. Leal-Taixe and Prof. Niessner
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Logistic Regression
« [Loss function
L(Yi»y:) = yilog g + (1 — y;) log(1 — ;)

o Cost function




Linear vs Logistic Regression

> X

Prediction can exceed
training sample range

eoo 000 Y

e 000 \-]

> X

Prediction is guaranteed
to be within 0 and 1

-> In case of classification [0:1] that's a real issue

Prof, Leal-Taixe and Prof. Niessner



(Vanilla) Gradient Descent

Vxf(x x
x' = x — eV f(x) f(x)

\

Learning rate

x* = arg min f(x)

Prof, Leal-Taixe and Prof. Niessner
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Neural Network

« Linear score function f = Wx

plane car bird cat deer dog frog horse ship
|

On CIFAR-10

Ou—*

" -l OOT
; butternut squuh : - mushroam

meal lead

pospic

J. : yellow lady’s sl“ _— ¥ ‘ a g
1 Credit: Li/Karpathy/Johnson
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Neural Network

« Linear 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(W;, max(0, W, max(0, W;x))))
— .. Up to hundreds of layers

Prof. Leal-Taixée and Prof. Niessner
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Neural Network

1-layer network: f = Wx

128 x 128 = 16384

Prof, Leal-Taixe and Prof. Niessner
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2-layer network: f = W, max(0, W;x)

128 X 128 = 16384 1000

12
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Neurons

impulses carried
toward cell body

branches

dendrites
axon
nucleus terminals
impulses carried
away from cell body =
cell body ! b |
axon from a neuron.\-\synapse
. WoZo
dendrite \\

A,

cell body

f (Zwixi + b)
Zwiaxi +b '

output axon

activation
function

w11

W22
Credit: Li/Karpathy/Johnson

Prof, Leal-Taixe and Prof. Niessner 13



Prof, Leal-Taixe and Prof. Niessner

Neurons

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

activation
Every neuron computes: f(Wx + b)

14



Net of Neurons




Neural Network

output layer
input layer
h id d en Iaye r Credit: Li/Karpathy/Johnson

Prof, Leal-Taixe and Prof. Niessner 16



Neural Network

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

Wy h w, f
output layer
input layer -
hidden layer 128 X 128 = 16384 1000 10
Input Layer Hidden Layer  Output Layer

Prof, Leal-Taixe and Prof. Niessner 17



Neural Network

hidden layer 1 hidden layer 2 hidden layer 3

input layer

Prof. Leal-Taixe and Prof Niessner
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Neural Network

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

Why activation functions?
Why not just concatenate?

\Would be much cheaper to
compute..

Prof, Leal-Taixe and Prof. Niessner



Activation Functions

S|gm0|d O'(x) = (1+2—x) :/ Leaky ReLg maX(O-lx, x)

tanh: tanh(x)

Parametric ReLU: max(ax, x)

Maxout max(w! x + by, wlx + by)

RelLU: max(0, x) x ifx>0

ELUf() = {a(ex —1) ifx<0

Prof. Leal-Taixé and Prof. Nté%sner —2 5 b 20




Neural Network

Why organize a neural network into layers?

hidden layer 1  hidden layer 2  hidden layer 3

Y

input layer

output layer

Prof. Leal-Taixe and Prof Niessner
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Neural Network

¢ Summary
— Glven a dataset with ground truth training pairs [x;; y;1.

— 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 (5GD; more later)

Prof. Leal-Taixé and Prof. Niessner



Artificial Neural Network vs Brain

g 7\ ~
=% A 7 \ I\
; P _—

Artificial neural 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 ©

Prof. Leal-Taixe and Prof. Niessner



Art|f|<:|al Neural Net\x/ork VS

E - 3 daysago

Google's artificial mtelllgence computer 'no
longer constrained by limits of human
knowledge'

8rain
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Computational Graphs

« Neural network is a computational graph
— |t has compute nodes
— |t has edges that connect nodes
— [t Is directional

— [t Is organized in layers

Prof, Leal-Taixe and Prof. Niessner



Computational Graphs

* f(x,y,z) = (.'X,'+_'y)°Z

f(x,y,2)

Prof. Leal-Taixe and Prof Niessner 27



Computational Graphs

Convolution
0 AvgPool
MaxPool
0 Concat
@ Dropout
& Fully connected
@ Softmax

Another view of GoogleNet’s architecture.

Prof. Leal-Taixe and Prof Niessner
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~valuation: Forward Pass

* f(x: y,z)=(x+y) z nitializationx =1,y = =3,z = 4
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Backpropagation

Prof, Leal-Taixe and Prof. Niessner



Backprop: Forward Pass

* f(x: y,z)=(x+y) z nitializationx =1,y = =3,z = 4




Backprop: Backward Pass

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

ad _ . 9d _

d=x+ty = ,5—1
—d. o _ , 9 _
f=d-z 6d_Z'az_d

. Of of of 5
Whatis 9%’ 3y’ 97

Prof, Leal-Taixe and Prof. Niessner 34



Backprop:

f(x,y,Z) — (x+y) "Z
withx=1,y=-3,z=4

ad _ . 9d _

d=x+ty = ,5—1
—d. o _ , o _
f=d-z 6d_Z'az_d

.« 9f 9of of 5
What Is 9%’ 3y’ 97

Prof, Leal-Taixe and Prof. Niessner

Backward Pass
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Backprop: Backward Pass

f(x,y,Z) — (x+y) "Z
withx=1,y=-3,z=4

ad _ . 9d _

ox '@_1

d=x+y

—d. of _ |91 _
f=d-z 6d_ZW_d

.« 9f 9of of 5
vVhatusax,ay,az.

Prof. Leal-Taixe and Prof. Niessner 36



Backprop: Backward Pass

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

d=x+y g—i=1,g—§=1

_ . of _ |9f _
f=d-z 6d_Zaz_d

. Of of of 5
Whatis 9%’ 3y’ 97

Prof, Leal-Taixe and Prof. Niessner 37



Backprop: Backward Pass

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

d=x+y g—i=1,g—§=1

fed.z Loy

od "oz Chain Rule: T
of of ad 3
Whatis &L 9L 91 dy 0dd 0y
dx 0y’ 0z of
L4124
dy

Prof, Leal-Taixe and Prof. Niessner 38



Backprop: Backward Pass

f(x,y,Z) — (x+y) "Z
withx=1,y=-3,z=4

d=x+y g—i=1g—§=1

fed.z Loy

od "oz Chain Rule: T
of of ad -~
What is 2L, 2L 91 5 0x 0d Ox
dx 0y’ 0z of
S 4124
0x

W
©
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f(wo, x9, Wy, x1,b) =

WO—\

Prof, Leal-Taixe and Prof. Niessner

Backprop

1 _I_ e —(Wox0+W1x1 +b)

)

®
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f(wo, x9, Wy, x1,b) =

Prof, Leal-Taixe and Prof. Niessner

Backprop

1 _I_ e —(Wox0+W1x1 +b)

44



Backprop

f(WO; X0, W1, X1, b) = 1 + e_(Wox0+W1x1+b)
2.00

Wy
N ~2.00
Xo —1.00 /

4.00

— of 1

fy=e - Z:ex fl) = o a2
dfa f

falx) =ax > —a];=a ffx)=c+x -> a—xc_l

Prof, Leal-Taixe and Prof. Niessner



Backprop

f(WO, 0, W1, 41, b) - 1+ 8_(WOX0+W1X1+b)

f) =e* - %=ex flx) = >
fa(x) =ax -> %=a ffX)=c+x ->

Prof, Leal-Taixe and Prof. Niessner



Backprop

f(wg, xo, wq, %1, b) = 1 4+ e—Woxo+w1Xx1+b)
2.00

Wy
N —2.00
Xo —1.00/

4.00 .
77+ (1.00) = ~0.53
~1.00 N\ 037 /N 137 <> 0.73
N b s 1.00
of 1
af = > L=
fx)=e* - P e* f(x) 7 ox x2
df _ dfc
falx) =ax > —*=a fef)=c+x > —==1 -

Prof, Leal-Taixe and Prof. Niessner



Backprop

f(wg, xo, wq, %1, b) = 1 4+ e—Woxo+w1Xx1+b)
2.00

Wy
N —2.00
Xo —1.00/

4.00

1-(—0.53) = —0.53

—1.00 @ 0.37 < > 1.37 <> 0.73
" e > +1
—0.53 —0.53 1.00

— of 1
fx)=e* > %=ex fx) = > =T
0 fa . of,
i@ =ax > Fe=a | [f)=c+x > FE=1 )

Prof, Leal-Taixe and Prof. Niessner



Backprop
f(Wo, X0, Wy, %1,b) = 1 + e—(woio+w1x1+b)

wy 200
N —2.00
Xo —1.00/

4.00

(e™1)(=0.53) = —0.20

. ~1.00 0.37
X, —2.00 /7 :/ex\ Q 1.37 9 0.73
020 =/ 053 —0.53 1.00

— of 1

flay=e* - Z:ex fl) = o a2
dfa f

falx) =ax > —a];=a ffx)=c+x -> a—xc_l

Prof, Leal-Taixe and Prof. Niessner



Backprop

f(WO; x(); Wl; xl, b) =
2.00

TN
X =100/

1 + e—(Woxo+twix1+b)
Wo
—2.00

4.00

Wi ==\, (—1)(—0.20) = 0.20
Xq —2:00 /

b

flx)=e* > %—ex fx) = ->
f%(x) =ax > % =a fef)=c+x —>

o _ _ 1
ox  x2
dfc

3 =1



f(Wo» X0, W1, X1, b) =

wy 200

N —2.00
X0 —1.00 /

—3.00

W1 =
6.00
X1 —2.00 /

p =300 /

Backprop

1 _I_ e —(W0x0+W1x1 +b)

_ . of _ 1 9f _
fey)=x+y > F=1=1
4.00 1- (02) = 0.2
0.20 1:(0.2)=0.2

1.00 ~1.00 0.37
@ , /ex\ o 11 Jli37 0.73
0.20 020 ./ _053 —0.53 1.00

0.20

— X _ 6_f_ X
flx)=e > ——=e
falx)=ax -> Ua _ g

Prof. Leal-Taixe and Prof. Niossn)cgr

_ 1 . of__ 1
f(x)_x > ox  x2
_ . 9fc
fe(x)=c+x - 7 = 1




f(Wo» X0, W1, X1, b) =

wy 200

Backprop

1 _I_ e —(W0x0+W1x1 +b)

N —2.00
Xo —1.00 / 0.20

—3.00

4.00
0.20

w
. "@ 6.00
X, —2.00 / 0.20

0.20

fx)=e* - U _ gx

fax) =ax —> Ve _ g

Prof. Leal-Taixe and Prof. Niossn)cgr

d d
fen=xty > F=17=
1-(0.2) = 0.2
1-(0.2) = 0.2
100/ ~1.00 /N 037 _ 1 )\L37
J— » e >
0.20 020 =/ 053 —0.53
1 of 1
= -> —_— = —
f(x) X ax x2
_ dfc
fef)=c+x > —==1

1

0.73
1.00
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Backprop

f(wg, xo, wq, %1, b) = 1 4+ e—Woxo+w1Xx1+b)

Wy 2.00
—-0.20 \Q —2.00 f(x’y) =x.y -> a_fzy'a_fzx
* ox dy
X0 —-1.00 / 0.20
).39 4.00 2-(0.2) =39
+
—1-(0.2) =-0.2
0.37
:@ :<+1> 1.37 ( ) 0.73
—0.53 —0.53 1.00
o _ _ 1
ox x2
0 of
falx) =ax > %=a fef)=c+x > —==1
Prof. Leal-Taixe and Prof. Niossn)cgr 53




Backprop

f(wg, xo, wq, %1, b) = 1 4+ e—Woxo+w1Xx1+b)

Wy 2.00
* ox dy
X0 —1.00 / 0.20
0.39 4.00 —3.00-(0.2) = —-0.59
v ™300 —2.00-(0.2) = —0.39
1 -0.39 \Q 6.00
x4 f200 7 " J020 o 2\ 037 :<+1> 1.37 ( ) 0.73
059 " ) 03 —0.53 1.00
M
b 0.20
P _1 L 9 _ 1
f(x)=¢e* —> _f=ex f(x)_x g ox  x2
0x
0 of
falx) =ax > %=a fef)=c+x > —==1
Prof. Leal-Taixe and Prof. Niossn)cgr 5




f(Wo» X0, W1, X1, b) =
W 200
0 520 N\
X —1.00
0.39

4.00

—3.00
W1
—0.39
X1 —2.00 /
—0.59
—3.00
b

0.20

1
1+e—%

o(x) =

Prof, Leal-Taixe and Prof. Niessner

1 _I_ e —(Wox0+W1x1 +b)

Backprop

Why use a compute graph
in the first place?

(1-0.73) - 0.73

1.00
——b{*—1)
0.20

~1.00 0.37
:@ o 1 \l37 073§
~0.20 ~0.53 ~0.53 1.00

do(x) e

sigmoid function

ax (1+e

— = (1-0@)o()




Backpropagation

What happens if there are
Multiple outputs in a
compute node?

Prof, Leal-Taixe and Prof. Niessner
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Backpropagation

What happens If there are
loops IN the graph?

Prof. Leal-Taixe and Prof. Niessner 58



Computational Graph

f:W

L = zj%y max(0, s; —

Sy. + 1)

s (scores)

Combining nodes;
Linear activation node + hinge loss + regularization

Prof, Leal-Taixe and Prof. Niessner

R(W)

Credit: Li/Karpathy/Johnson
59



Computational Graph: Logistic Regression
« [Loss function
L(Yi,yi) = yilog gs + (1 — y;) log(1 — 9;)

» Costfunction  More Next [ ecture!




Implementation of Compute Graph

1) forward

v

<
<

2) backwards

Prof, Leal-Taixe and Prof. Niessner

class ComputationalGraph(object):
#F.o..
def forward(inputs):
#1. [pass inputs to input nodes]
#2. forward traverse the computational graph
for node in self.graph.nodes topologically sorted():
node.forward()
# forward intermediates / loss
return loss # final node returns loss
def backward():
for node in self.graph.nodes topologically sorted reverse():
node.backward() #apply chainrule
# backward intermediate derivatives
return inputs gradients

61



Implementation of Nodes

« Forward and backward pass of MulNode

X class MulNode(object):
def forward(x,y):
7 Z=X*y
return z
y def backward(dz, x, y):

dx = y*dz # [dz/dx * dL/dz]
dy = x¥dz # [dz/dy * dL/dz]
return [dx, dy]

all values are scalars

lssue?

Prof, Leal-Taixe and Prof. Niessner
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Implementation of Nodes

« Forward and backward pass of MulNode

X

all values are scalars

Prof, Leal-Taixe and Prof. Niessner

class MulNode(object):
def forward(x,y):
Z = X%y
self.x
self.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]

X
¥

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

AN
03



el I e e e e e i e = Rl

E] LeakyRell.lua Add THNN congersion of {FLU. LeakyRelU, LogSigmoid, LogSofjMag, Looku... a year ago
| h 1 | |
E] Linear.lua @Pfre@c on pverrice for afV@ rS It u b)!onths ago
1
E| Log.lua add nn.Inc & nn.Scale a year ago
El LogSigmoid.lua lazy init ayear ago
El LogSoftMax.lua Add THNN conversion of {ELU, LeakyRelU, LogSigmoeid, LogSoftMax, Looku... a year ago
E| LookupTable.lua Fix shared function override for specific modules 4 months ago
£ MM.lua [£] Reshape.lua Better __tostring__ and cleans formatting a year ago
o ) Select.lua Adds negative dim arguments 11 months ago
E] MSECriterion.lua
E) SelectTablelua allow SelectTable to accept input that contains tables of things that... 2 months ago
El MV.lua
E) Sequential.lua Improve error handling a year ago
E] MapTable.lua
E) Sigmoid.lua Add THNN conversion of {RRelLU, Sigmoid, SmoothL1Criterion,SoftMax, So... a year agoe
El MarginCriterion.lua
E] SmoothL1Criterion.lua Add THNN conversion of {RRelLU, Sigmoid, SmoothL1Criterion,SoftMax, So... a year agoe
El MarginRankingCriterion.lu, o -
E) SoftMarginCriterion.lua SoftMarginCriterion a year ago
E| MaskedSelect.lua : o L
E) SoftMax.lua Add THNM conversion of {RReLU, Sigmoid, SmoothL1Criterion,5oftMax, So... a year ago
B Maxlua E) SoftMin.lua nn.clearState a year ago
B Maxoutlua E) SoftPlus.lua Add THNN conversion of {RRelU, Sigmoid, SmoothL1Criterion,SoftMax, So... a year agoe
El Mean.lua E) SoftShrink.lua Add THNN conversion of {oftShrink, Sgrt, Square, Tanh, Threshold} ayear ago
E Min.lua E) SoftSign.lua nn.clearState a year ago
E] MixtureTable.lua E] Sparselacobian.lua Fix various unused variables in nn 3 years ago
E Meodulelua E) Sparselinear.lua Fixing sparse linear race condition a year ago
E) Mullua E) SpatialAdaptivefveragePooling.lua Add SpatialAdaptiveAveragePooling. 4 months ago
‘ B MulConstantlua E) SpatialAdaptiveMaxPooling.lua Indices for nn. T months ago

P(%‘ %}%@d%ﬁﬁ nd Prof. NiessnefEl SpatialAutoCropMSECriterion.lua fix local / global var leaks l@gpnths ago



local MulConstant, 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

-- default for inplace is false

self.inplace = ip or false

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

end

end

p— Nit0

function Mulconstant:updateoutput(input)

if self.inplace then
input:mul(self.constant_scalar)
self.output:set(input)

else
self.output:resizeAs(input)
self.output:copy(input)
self.output:mul(self.constant_scalar)

end

return self.output

end

e Orward()

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:resizeAs(gradoutput)
self.gradInput:copy(gradoutput)
self.gradInput:mul(self.constant_scalar)

end

return self.gradInput

Prodnd_cal-Taixe and Prof Niessner

e Backward()

Torch: MulConstant

f(x) = aX

65



) absval_layer.cpp

[£] absval_layer.cu

[ accuracy_layer.cpp

[E) argmax_layer.cpp

[E) base_conv_layer.cpp
[£) base_data_layer.cpp
[£) base_data_layer.cu

[E) batch_norm_layer.cpp
[£] batch_norm_layer.cu
[ batch_reindex_layer.cpp
[E) batch_reindex_layer.cu
[ bnll_layer.cpp

[2 bnll_layer.cu

[) concat_layer.cpp

[E) concat_layer.cu

[Z] contrastive_loss_layer.cpp

[ contrastive_loss_layer.cu

[E conv_layer.cpp

Caffee: Layers

El concat_layer.cu

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

El conv_layer.cu

El cudnn_conv_layer.cpp
El cudnn_conv_layer.cu

El cudnn_len_layer.cpp

El cudnn_len_layer.cu

El cudnn_lrn_layer.cpp

El cudnn_lrn_layer.cu

El cudnn_pooling_layer.cpg
E! cudnn_pooling_layer.cu
El cudnn_relu_layer.cpp

El cudnn_relu_layer.cu

El cudnn_sigmoid_layer.cp|
El cudnn_sigmoid_layer.cu

El cudnn_softmax_layer.cp|

Prof. Leal-Taixé arlroriaese,

[ TP SR T [ ——

dismantle layer headers

dismantle layer headers

dismantle layer headers
dismantle layer headers

dismantle layer headers

E) pocling_layer.cop
E) poeling_layer.cu
E| power_layer.cpp
E| power_layer.cu

E) prelu_layer.cpp
E) prelu_layer.cu

E) reduction_layer.cpp
E] reduction_layer.cu
E| relu_layer.cpp

=) relu_layer.cu

E) reshape_layer.cpp

E) sigmoid_cross_entropy_loss_layer.cpp

E) sigmoid_layer.cpp

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

=] slice laver.cpp

GitHub)

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 laver 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
66/
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#include “"caffe/layers/sigmoid_layer.hpp”

Caffe: Sigmoid_Layer

template <typename Dtype>
inline Dtype sigmoid(Dtype x) {
return 1. / (1. + exp(-x));

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

top_data[i] = sigmoid(bottom data[i]);

1

70 =T

— 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[e]->cpu_diff();
Dtype* bottom diff = bottom[e]->mutable cpu diff();
const int count = bottom[®]->count();
for (int 1 = @; 1 < count; ++1) {
const Dtype sigmoid_x = top_data[i];
bottom diff[i] = top diff[i] *Isigmoidix £ (1. - sigmoid x); |¢_

e Backward()

— o' (x) = (1 — a(x))a(x)

}

I
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Activations
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D
Q
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Vectorized Operations

oL 0z 3E|
Ox  Ox Oz

Y
O
=
Z

‘local gradients’
0z
oz f
0z
Jy

Activation function

What if x,y.z,

are vectors?

oL
0z

gradients




Vectorized Operations
21 B Oz 8E| These are now

— t
or  Ox 0z ( o

‘local gradients’

R
I
5
-
R
\]

n

2 0z
'..C:) % zZ = [ZPZZ’ ey Zn]
g p
— z
0 oL
h % 0z
gradients

Y = [Y1,Y2) e Y]
Activation function
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Vectorized Operations
oL —w chiyia\elgés\?erce:tors!

Or  Ox 0z - -
local gradients
X = [2x1, X2, WX
‘é’ 0z
'-l(—?} ox Z = [Zy Z2) -er Zn]
2 0z b )
; oL
- 0z
gradients

Yy = [y1, Y2, r Ynl
Activation function
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Vectorized Operations

Need derivative of
0L — 0% 3E| every output element
Oxr  Ox 0z - - wirt
B local gradients very input element!
X = [x1; X2 n
‘é’ 0z
E gﬂj - Z = [Zy Z2) -er Zn]
g <
S 5 oL
. 0z
gradients

Yy = [y1, Y2, r Ynl
Activation function
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Vectorized Operations

oL 0z 3E|
oxr Oz Oz
X zg[xp X2 n

O

©

=

O

<

Y = [Y1,¥Y2) s Ynl

Prof, Leal-Taixe and Prof. Niessner

‘local gradien

0z

ox
0z

Yy

Activation function

621
axl

3z,

| 0x4

zZ = [Zk Zp, e

Jacobian Matrix:

07

dxy,
3z,

0xp,.

oL

0z

gradients

) Zn]
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Vectorized Operations

Jacobian Matrix:

azl azl
OL _ 0z oL 3 o
Or  Ox 0z - - ST
local gradients 0z, 0z,
— [xl»xz n _ e —
)] 82 L0y, Oyn.
5 /
-_.C:,) ox Z = [Zy Z2) -er Zn]
Q P
= 0z
< B or
. 0z
gradients

Yy = [y1, Y2, r Ynl
Activation function
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Vectorized Operations

Jacobian Matrix:

Assuming input and output € R*096 02, 074]
ay, ayn
3z, 3z,
10y, 0Yn.

X = [Xq1,X3, ., Xn]
x € R4096
62: z = |24, 2y,
What is the size %) 4096
. e R
of the Jacobian? Y z

dim(J) = 4096 x 4096

Prof. Leal-Taixe and Prof. Niessner




Vectorized Operations

How efficient is that:

- dim(]) = 4096 X 4096 = 16.78 mio

- Assuming floats (ie., 4 bytes / elem)
- ->04MB

Typically, networks are run in batches:
- Assuming mini-batch size of 16

Jacobian Matrix:

azl azl
ay, Y
9z, 0z,
_ayl ayn_

- >dim(]) = (16 - 4096) X (16 - 4096) = 4295 mio

- ->16.384MB = 16GB

Prof, Leal-Taixe and Prof. Niessner

How to handle this?
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Neural Networks

Are compute graphs
Goal: for given train set, find optimal welights

Optimization using gradient-based solvers
— Many options (more in the next lectures)

Gradients are computed via backpropagation
— Nice because can easily modularize complex functions
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Administrative Things

This week: tutorial on Nov 13t
— No tutorial

Next Lecture on Nov 15t
— Optimization and Regularization
— More on neural networks ©

Next week: first exercise
— Nov 20" --> start of exercise 1
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Administrative Things

Bestehender Termin
Zeit Do, 22.11.2018 18:00-20:00
Ort: 00.02.001, MI HS 1, Friedrich L. Bauer Horsaal (5602.EG.001)

wurde verschoben auf

Zeit: Do, 22.11.2018 18:00-20:00

Ort: MW 2001, Rudolf-Diesel-Horsaal (5510.02.001)
Termintyp: geplant

durchgefunrt von Dr.sc.nat. Monika Hanesch

Es hat sich Folgendes geandert: Ort
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See you next week!
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