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Beyond linear

« Linear score function f = Wx
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Neural Network

output layer
input layer
hidden layer
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Neural Network
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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
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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
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Backprop cont



The importance of gradients

« All optimization schemes are based on computing
gradients

VoL ()

« One can compute gradients analytically but what if
our function is too complex?

« Break down gradient computation | Backpropagation
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Backprop: Forward Pass

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




Backprop: Backward Pass

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
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Backprop:

f(x,y,Z) — (x+y) "Z
withx=1,y=-3,z=4
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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
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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
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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: o7
of of ad 3
Whatis 2L, 9L 97 5 dy odd 0Jy
dx 0y’ 0z of
Sl —41=24
dy
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Backprop: Backward Pass

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

d=x+y g—i=1g—§=1
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Compute Graphs -> Neural Networks

* X5 INpUt variables
* Wy mn NEtwork weights (note 3 indices)

— [ which layer
— m which neuron in layer
— N weights in neuron

« y; computed output (I output dim; nout)
* t; ground truth targets
L is loss function
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Compute Graphs -> Neural Networks

Input layer Output layer
— [ A — N P ‘
X0

e.g., class label / regression target
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Loss/cost

Input  Weights L2 Loss
(unknowns!) function

We want to compute gradients w.r.t. all weights w

1/



Compute Graphs -> Neural Networks

Input layer Output layer
N — I
] ] \

Xo
Yy to
X1

e.g., class label / regression target
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Loss/cost
e R !
_ RelLU Activation
Input Weights (btw. I'm not arguing L2 Loss
(unknowns!) this is the right choice here)  fi nction
We want to compute gradients w.r.t. all weights w
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Compute Graphs -> Neural Networks

Input layer Output layer
RN R S — i S ‘
Yo tO
X0
YI tl
X1
Y2 tz
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Loss/cost

Loss/cost

Loss/cost

We want to compute gradients w.r.t. all weights w
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Compute Graphs -> Neural Networks

Input layer Output layer L = (y; — t;)?

L=2Ll
[

L2 loss -> simply sum up squares
Energy to minimize is E=L

aL _ aL ayl
ow;,  0y; 0wy

k

Vi ;A(bi + Z Xk Wi k)

-> use chain rule to compute partials

Activation function ' : :
bias We want to compute gradients w.r.t. all weights w

*AND* biases b
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Gradient Descent

x* = argmin f(x)

INnitialization

Optimum

Prof. Leal-Taixe and Prof Niessner



Gradient Descent

Direction of

« From derivative to gradient greatest
iNncrease of
af (x) > Vxf(x) | the function

dx
« Gradient steps in direction of negative gradient

Vi f(x)
) X' = x — eVy f(X)

\

Learning rate
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Gradient Descent for Neural Networks

For a given training pair {x,t},
we want to update all weights;

i.e., we need to compute derivatives

w.r.t. to all weights

wa{x,t} (w) =

Gradient step:
w'=w-— €V fix,s (W)

Prof, Leal-Taixe and Prof. Niessner
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Gradient Descent for Neural Networks

50 -«

K\
- t 0
@ Y e = |-

0 Wl,m,n

output Iaye\
input layer of
/ hidden layer \ Li = (i — )’ | Obym |

hj = A(by + z XkWo,j k) Yi = A(by; + Z hjwy; ;)
K 7 Just simple: A(x) = max(0, x)
24
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Gradient Descent for Neural Networks

Backpropagation

oL _ dL Oyl
Owyi; 0y 0wy

oL 0L dy, Oh;
4 aWO'j,k ayl ah] aWOJ,k

output Iaye\
input layer
/ hidden layer \ L= (i —t)*

hj = A(bo,; + Z XicWo,jk) Yi = Ayt Z fiwis)
= J

Just go through layer by layer

dL; _5 .
ayl - (YI l)
ayi _ o
oy Y if >0, else O
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Gradient Descent for Neural Networks

output Iaye\
input layer
/ hidden layer \ L= (i —t)*

hj = A(byj + Z XWo j x0) yi = A(by; + Z hjwy; ;)
T j

Prof, Leal-Taixe and Prof. Niessner

How many unknown weights?

Output layer; 2 - 4 + 2

~ N\

#neurons #input channels #biases

~ / —

Hidden Layer: 4 - 3 + 4

Note that some activations have also weights

20



Derivatives of Cross Entropy Loss

Output y;
Hidden
h;
Inputs zj,
nout
E = — Z (tilog(y:) + (1 —t;)log(1 —v:))
=1
- 1
Yi T 1 + e—Si

S, = Zhj’wj;i
1
’ [Sadowskil
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Derivatives of Cross Entropy Loss

11 %) t3

Gradients of weights of last layer:

Output y;
Hi _
lg;len dwj; y; 0s; Qw;
Inputs x OFE L1t
dy yi  1—y
nout B —
B == (tilog(y:) + (1 - t:) log(1 — yy)) T
=1 S (1 —wi
i o . ow P, vi(l = i)
Vi T e 95, — YiTh o os
E)wjz- J
; Y OFE = ( -—t')h-
ow;; TN [Sadowski]
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Derivatives of Cross Entropy Loss

11 %) t3

Gradients of weights of first layer:

Output y; 0E m’zut OF 9si Oh;
83; im1 683' 6h3 68;
Hidden n;ut
h; = Z(yz — ti)(wji) (h; (1 — hy;))
=1
Inputs zj, OF OF ou: O
o Yi 0S4
nout oh; ; Ay; Dsi n,
E=— Z (tilog(yi) + (1 —ti)log(l — y;)) oE
i=1 -2 Y il = i)
1 i t
- 1 oE  0E 0s;
Yi _ 1 _I_ e—Si 81‘”11:_;' a 63} (911)%}
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: ; Wi =S i 1)) (g (1 By)) ()
i=1 [Sadowskil

Prof, Leal-Taixe and Prof. Niessner 29



Derivatives of Neural Networks

f:W

L = zg;&y, max(0,s; — sy, + 1)

s (scores)

R(W)

Combining nodes;
Linear activation node + hinge loss + regularization

Prof, Leal-Taixe and Prof. Niessner

Credit: Li/Karpathy/Johnson
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Can become quite complex.

) hidden layer 1 hidden laver 2 hidden laver 3
input layer
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Can become quite complex.

* These graphs can be huge!

Convolution
AvgPool
MaxPool

0 Concat

@ Dropout

& Fully connected

@ Softmax

Another view of GoogleNet’s architecture.
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The flow of the gradients

« Many many many Mmany of these nodes form a
neural network

NEURONS

e Each one has its own work to do

FORWARD AND BACKWARD PASS

Prof, Leal-Taixe and Prof. Niessner



TUTi

Gradient descent



Gradient Descent

x* = argmin f(x)

INnitialization

Optimum

Prof. Leal-Taixe and Prof Niessner
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Gradient Descent

Direction of

« From derivative to gradient greatest
iNncrease of
af (x) > Vxf(x) | the function

dx
« Gradient steps in direction of negative gradient

Vi f(x)
) X' = x — eVy f(X)

\

Learning rate
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Gradient Descent

How to pick good learning rate?

How to compute gradient for single training pair?

How to compute gradient for large training set?

How to speed things up ©

Prof. Leal-Taixe and Prof. Niessner



Next lecture

e Thisweek
— No tutorial this Thursday (due to MaiTUM)
— Exercise 1 will be released on Thursday as planned

« Next lecture on May 7t
— Optimization of Neural Networks
— In particular, introduction to SGD (our main method!)

Prof. Leal-Taixé and Prof. Niessner



See you next week!
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