Deep Learning for Classification
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Computational graph for classification

 Objective: Classification Accuracy

m

[““(w) = 1 Z (sign(wa(a:(i))) —= y(z))

m “
1=1

— Issue: How to find these parameteres?

Slide 1



Neural Net with Soft-Max

e Score for y=1: w' f(x) Score fory=-1: —w' f(x)
- . ew ' f@?)
» Probability of label: ., — 1| (2): w) e
o~ f(@)

ply = —1f(@)iw) = o= =@
» Objective: l(w) = Hp(y =y f(z); w)

. Log: (w) =Y logp(y =y |f(z));w)
1=1
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Two-Layer Neural Network
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N-Layer Neural Network

=
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Convolutional Network
(AlexNet) eoTEDT

input image/V __ |
weights . enidlms

loss
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Activation Functions

Leaky ReLU

Sigmoid s
o@)=1/(1+e=)

e
tanh tanh(x) _ / |

ReLU max(0,x)

Fei-Fei Li & Andrej Karpathy & Justin Johnson

max(0.1x, x)

L
———

A e

Maxout max(wflrw + by, wgzv + bs)

= it
= {a(exp(m)—l) ife<0

/

ELU

1111
c
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Multi-class Softmax

» 3-class softmax — classes A, B, C
— 3 weight vectors:

waA,WR, WC
 Probability of label A: (similar for B, C)

ewaf (@)

ew:gf(x) -+ ew;f(x) + ewgf(x)

ply = A|f(z);w) =

* Objective: () = ﬁ ply =y | f (=D w)
1=1

+ Log: (w) = ; log p(y =y f (2 w)
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Multi-class Two-Layer Neural
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Gradient Descent Method for
Sotimizats

e How to find parameters that minimize an objective function?

e Idea:
— Start somewhere
— Repeat: Take a step in the steepest descent direction

2 2
X, x2+3 X,
T

4]

-1} —

-5 1 L~ 1 1 ! 1 .
-6 -4 -2 ) 2 4 6 Figure source: Mathworks
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Generally, Steepest Direction

* Steepest Direction = direction of the gradient

- 59
8’(1)1
g
= Gradient Descent e
g
_8wn_
e Init: w
e Fori=1,2,...

w4+ w— ax Vg(w)
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What is the Steepest Descent

Direction?

min w4+ A
A:A§+Aggeg( )

0
o First-Order Taylor Expansion: g(w + A) ~ g(w) + 879
1

. . min ﬁAl + ﬁAQ

 Steepest Descent Direction: a:a+az<e dw, Owz
€
.
. . min a'b a=—b—:

€

dg
Vol ve- H

Hence, solution: — V¢
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How to Calculate a Partial Deriviate in a
Computational Graph

Given a function 1(x,y,z)= (x+y)z,
What 1s the partial derivie of f with respect to x, y, z?

12
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“f(z,y,2) = (z+y)z —>® 3
eg.x=-2,y=5,z=+4 y 5

R

X, YV, z values are from a
training example 13
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f(z,y,2) = (2 +y)z
eg.x=-2,y=95,z=-4

12

_ o . 0q
of of
f=gqz I
~of of of
Want: T e
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“f(z,y,2) = (T +y)z
eg.x=-2,y=5,z=+4

_ 9 _ , Og __

of of _

f=qz %8 1
of of of

Want: o
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“f(z,y,2) = (T +y)z
eg.x=-2,y=5,z=+4

_ 9 _ , Og __

of of _

f=qz %8 1
of of of

Want: o
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f(z,y,2) = (2 +y)z
eg.x=-2,y=95,z=-4

_ o . 0q
g =+ Y %—1,@—1
of of
f=gqz I
~ Of of of
Want: T e
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f(z,y,2) = (2 +y)z
eg.x=-2,y=95,z=-4

_ o . 0q
g =+ Y %—1,@—1
of of
f=gqz I
~ Of of of
Want: T e
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“f(z,y,2) = (T +y)z
eg.x=-2,y=5,z=+4

_ 9 _ , Og __

of of _
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of of of
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“f(z,y,2) = (T +y)z
eg.x=-2,y=5,z=+4

_ 9 _ , Og __

of of _
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20

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 20 Jan 2016




“f(z,y,2) = (T +y)z
eg.x=-2,y=5,z=+4

_ 9 _ , Og __
g=z+y %_1’63/_1
of of
f=gqz I
of of Oof

Want: o
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f(z,y,2) = (2 +y)z
eg.x=-2,y=95,z=-4

_ 9 _ . 9q __
g =+ Y %—1,@—1
of of
f=gqz I
of Of Of

Want: T e
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Chain rule:

I

Oy 0q Oy
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“f(z,y,2) = (T +y)z
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f(z,y,2) = (2 +y)z
eg.x=-2,y=95,z=-4

_ 9 _ . 9q __
g =+ Y %—1,@—1
of of
f=gqz I
of Of Of

Want: T e
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Chain rule:

of _ of oq

Oor  Oq Ox
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—1__activations

25
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—1__activations

“local gradient”

26
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-1 activations

Fei-Fei Li & Andrej Karpathy & Justin Johnson

“local gradient”

Z
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-1 activations

“local gradient”
=
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Z
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-1 activations

“local gradient”
=
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Z
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-1 activations

/ “local gradient”
=
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Z
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1
Another example: flw,z) = 1 & e Wozotwiz; ;)

w0 2.00
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1
Another example: ) e e (Wozgtwiztwy)

w0 2.00
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1

1 + e —(wozo+wiz1+ws)

Another example: f(w,z)

w0 2.00

1.00 @ 100 /N 037 @ 1.37 @ 0.73
Nt X 1.00

f@) = e - G | |@=1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1
— 1 e e_(w0$0+w11}1+w2)

Another example: f(w, )

w0 2.00

(-5:2)(1.00) = —0.53

100 G300 o 087 o [sr g 073
K ) ) oE ) T

f@) = e - G | |@=1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1

l1te —(wozo+wy 1 +ws)

Another example: flw,z) =

w0 2.00

1.00 @ -1.00 @ 0.37 @ 1.37 @ 0.73
T e ") 0s3 1.00

f@) = e - G | t@-1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1

Another example: flw,z) = 11 o—(@ozorwzrruy)

w0 2.00

(1)(=0.53) = —0.53

100 47\ 100 @ 037 /7). 1:37 @ 0.73
Kt /|05 \_J -053 1.00

f@) = e - G | t@-1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1
Another example:  f(w,@) = T——mm0

w0 2.00

1.00 @ -1.00 @ 0.37 @ 1.37 @ 0.73
Nt /) 053 053 \J 1.00

f@) = e - G-l | -1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1

Another example: flw,z) = e

l1+e

w0 2.00

(e~1)(—0.53) = —0.20

@ 1.37 @ 0.73

100 A\ {100 2N 037
Ne?

-0.20 \e)_@ -0.53 053 \J 1.00
f(z) = e = G-l | -1 _» TR
fo(z) = az g %:a f(z)=c+=z o Z—izl
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1
1+e —(wozo+wyz1+ws)

Another example: flw,z) =

w0 2.00
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Another example: s 1

e —(wozg+wiz1+ws)

w0 2.00

(-1) * (-0.20) = 0.20

1.00 @ -1.00 @ 0.37 @ 1.37 @ 0.73
020 \_/ -020 P53 AN A N

f@) = e - G | t@-1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1
Another example: ) e e

w0 2.00

1.00 @ -1.00 @ 0.37 @ 1.37 @ 0.73
020 \_/ -0.20 \.9 053 \__/ -053 \_ 1.00

fla)=er - T | tw-1 5 TR
fo(z) = az g %:a f(z)=c+=z o Z—izl
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1
AnOther example f(w,zv) = Rt e—(w0x0+wlml+w2)

w0 2.00

[local gradient] x [its gradient]
4.00 [1] X [0-2] =0.2

l [1]x [0.2] = 0.2 (both inputs!)
1.00| /& ¥ 37 ; 7
RV @ ;gg @ EJ0_353 @ -103573 @ ?éi

f@) = e - G | t@-1 3 TR
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1
Another example: R = e )

w0 2.00

| 2.00
x0 -1.00 Ul

w1 -3.00

: 1.00 477} -1.00 @ 037 /7). 137 @ 0.73
x1 -2.00 U3 N>/ A X&) M8y \ 0/ A5 NI/ "1

flz)=e" — % =" & f(z) = % — % = -—1/m2
fo(@) = az g %:a JAz) =¢c+= - Z—izl
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1

o 1 + e—(wowg+w1:c1+w2)

Another example: f(w, )

w0 2.00

W [local gradient] x [its gradient]
X0 -1.00 ‘ x0: [2] x[0.2] = 0.4

wO: [-1]x [0.2] = -0.2

w1 -3.00

100 G\ 100 2N 037 /N 137 g 073

x1 -2.00 020 \_/ -020 \e)_@ -0.53 \_1/ 053 \J/ 100
w2 -3.00
0.20
P df o i 1 df 2
flz)=e B = ite flz) =~ — = =-1/z
d
fAx) =ar — d—it:a f.(x)=c+z Y Z_izl
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1 1
o(z) = 1+ e—2| sigmoid function

fw,z) =

R (wozg+wy 1 +ws)

sigmoid gate

1.00 @‘1\ -1.00 @ 0.37 @ 1.37 @ 0.73
020 | \_/ -020 \_9 053 \__/ 053 \__/| 100
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1 1
flw,z) = 1 ¢ o—(@ozotwrer Tuwy) o(z) = sigmoid function

sigmoid gate

1.00 @‘1\ -1.00 @ 0.37 @ 137 Adezs
020 \__/ -020 ./ 053 \__/ -053 1.00

X

(0.73)* (1-0.73) = 0.2
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Gradients add at branches

47
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Summary

eDeep learning
— New direction for test processing given its success in
image/audio processing
- Framworks and software

« TensorFllow (Google).

« Others: Theano, Torch, CAFFE, computation graph toolkit
(CGT)
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