CS 4803/ 7643: Deep Learning

Topics:

— Optimization
— Computing Gradients

Dhruv Batra
Georgia Tech
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Administrativia

HW1 Reminder
— Due: 09/09, 11:59pm
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Recap from last time
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Regularization

A= regularization strength
(hyperparameter)

1

_LLVY) =N ZLz(f(ﬂ%za W), yi) + AR(W)

N J H/_/
Y ~
Data loss: Model predictions  Regularization: Prevent the model
should match training data from doing too well on training data

Occam’s Razor:

“Among competing hypotheses,
the simplest is the best”

William of Ockham, 1285 - 1347

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Regularization

A= regularization strength
(hyperparameter)

- N ZL (s, W), ys) + AR(W)

N J H/_/
Y
Data loss: Model predictions  |Regularization: Prevent the model
should match training data from doing too well on training data

Simple examples More complex:

L2 regularization: R(W) =|>2, 3>, W7, Dropout

L1 regularization: R(W) = >, >, IWk,z; Batch normalization

Elastic net (L1 + L2): R(W) = 32, 32, 8W;, + [Wi,| Stochastic depth, fractional pooling, etc

-

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



So far: Linear Classifiers

> Class
scores

f(x) = WX

plane car bird cat deer
dog frog horse ship truck




.
Hard cases for a linear classifier

Class 1: Class 1: Class 1.

First and third quadrants 1<=L2norm<=2 Three modes
Class 2: Class 2_: Class 2_:
Second and fourth quadrants Everything else Everything else

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Image features vs Neural Nets

m(ﬁ(u) fo wd QR

_

Feature Extraction 10 numbers giving

scores for classes

P R

training |

Krizhevsky, Sutskever, and Hinton, “Imagenet classification 1
with deep convolutional neural networks”, NIPS 2012.

Figure copyright Krizhevsky, Sutskever, and Hinton, 2012.

Reproduced with permission.

y

* ~ 10 numbers giving
scores for classes

a

training
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Neural networks: without the brain stuff

(Before) Linear score function: f — W

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Neural networks: without the brain stuff

(Before) Linear score function: f — FW&:

O\
(Now) 2-layer Neural Network  f = @0,@1@

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



R
Neural networks: without the brain stuff

(Before) Linear score function: f — W
(Now) 2-layer Neural Network  f = W max(0, Wiz)

@Wl h| w2

S
10]

=
o
E

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



R
Neural networks: without the brain stuff

(Before) Linear score function: f — W
(Now) 2-layer Neural Network  f = W max(0, Wiz)

X| WL |h| W2 |g

3072 100 10

plane car bird cat deer dag frog horse ship truck
f i

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




R
Neural networks: without the brain stuff

(Before) Linear score function: f — W

(Now) 2-layer Neural Network  f = W max(0, Wiz)
or 3-layer Neural Network

f — Wg maX(O, W2 ma,x(O, W1113))

P ———

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Multilayer Networks

* Cascaded “neurons’
* The output from one layer is the input to the next
* Each layer has its own sets of weights

0
«
=

output layer

W
b
o§

output layer
input layer input layer
| hidd'en layer hidden layer 1 hidden layer 2

W
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Impulses carried toward cell body

\ = J__
~ ernel o
% — = RA

axon

cell
body

>
Impulses carried away

from cell body x.‘ Hn

This image by Felipe Perucho

is licensed under CC-BY 3.0

A

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n


https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/

Activation functions

Sigmoid 1 Leaky RelLU
1 max(0.1z, x)
O-(:C)  14e =

tanh

Maxout
tanh(x) max(w; x + by, w3 T + by)
'RelU ELU
ax(0 T x>0
H X( ,.GC) : {a(e“’”l) r <0

—

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Plan for Today

[» Optimization
[+ Computing Gradients

(C) Dhruv Batra 17



Optimization



Supervised Learning

* Input: x (images, text, emails...)
* Qutput: y (spam or non-spam...)

* (Unknown) Target Function
- L XM&Y (the “true” mapping / reality)

e

| * Data
I (X1,Y1), (X2,¥2)s +++r (XnyYn) 1:3

: 2
r°_‘ModeI/Hypothesis Class / a3 & ;:]
— XY} S ML«?/AN]

Tt

_~ — €.g.Yy = h(x) = sign(wrx)

3 Hong
* Loss Function
L — How good is a model wrt my data D? ] \ QW (E

ELearning = Searctrinypothesis space j ﬁm Z\.(E ) ;]_))
— Find best h in model class. D
__ﬂ"

(C) Dhruv Batra 19



R
Demo Time

* https://playground.tensorflow.org



https://playground.tensorflow.org/

Strategy: Follow the slope ILG. | !

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



What is slope?

. ]In 1-dimension] the derivative of a function:

df(e) | .. flg+h)— fz)

dx h —0 h

m——

“S—————

_ R

23
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What Is slope?

L 70)
* In d-dimension, recall partlalgerlvgg?\‘/es Kd
{(x él
4 f: =R ”
P m FETRE G AR
/53_(: S0 N

\/

24



What Is slope?

along each dimension

£ R R

VF = _af_ I a]C mec A

Lord ~vE -

* Propertie§” D Ox
At C -
— The diréction-ef-steepest descent_i.s_rﬁ: negativ gré&i@nw l
\Z;L%The slope in f':{;ﬁy direction is the dot product of hd Grevdon o
with the gradient

[ The gradient is the vector of (partial derivatives)

* 0 REhS

= %f

25



http://demonstrations.wolfram.com/VisualizingTheGradientVector/

L/CF%:- L(""‘u‘""b) = O N;L-f bws”
A O o

original W

/ >

negative gradient direction @
4 ) ()
i.:j

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



pun [ (P
Gradient Descent X

while True:
weights grad = evaluate gradient(loss fun, data, weights)
weights += - step size * weights grad # perform parameter update

R = T b

f;‘b__'b‘-'-' ﬂll;z-f . :M

—
@D _ H(:l‘\ _ 71 Vp"’u 'Z:CN) /
— ‘_-F-.ff’*ﬂ"a '2‘y/ —
Ot Tl wate
Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



http://demonstrations.wolfram.com/VisualizingTheGradientVector/

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Gradient Descent has a problem

N Full sum expensive-
L(W) —E—\;Z Li(x;,y;, W) + AR(W) when N is large!
i=1

A —

g i o

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



(_Stochastic)G_r_adienI_D_esgent (SGD)

Full sum expensive
(i, yi, W) + AR(W) when N is large!

1
N

fApproximate sum J
wLi (i, yi, W) + AV R(W) Zig]rg Selgmlbamh of
32/64 /128 common |

i

while
data batch —*sample training data data 256} ' 5 € =
.l—l-"-a —
e .—*_
iéiweights grad = evaluate gradlent{lnss fun data batch, we1ghts}
T e ——
weights += - step size * weights grad # perfor 3 rame )

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Stochastic Gradient Descent (SGD)

N

L(W) = N > Li(zi,ys, W) g
=1
— N

Vw L(W)|= %Z)VWLZ-(@,%,W) - W\QD’J’\.-WNC vw LL)E,:J
=1

xm*m-BC' )

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Stochastic Gradient Descent (SGD)
N Aty ra ehoul”
1 ZN:Li(fEi,’yi,W) /:: = LCN’ 1_;5)

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Stochastic Gradient Descent (SGD)

Full sum expensive

N
1 .
L(W) = N Z Li(x;, ys, W)/—l— )\R(Wﬂ when N is large!
=1 o
| X Approximate sum
VwL(W) = — VwLi(xi, y;, W Vi R(W using a minibatch of
W N ; — (20 )J+ L (W) examples
B —_— 32 /64 /128 common
while

data batch = sample training data(data, 2506)
weights grad = evaluate gradient(loss fun, data batch, we1ghts}
weights += - step size * weights grad

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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-
How do we compute gradients?

e y
K [:A_r_l_alytic or “Manual” Differentiatioa ‘-‘pem G pafer

* Symbolic Differentiation

/’ Numerical Differentiation

eyl

* Automatic Differentiation
— Forward mode AD
— Reverse mode AD

ﬁm@m—)b

L

(C) Dhruv Batra 35



f/(z) = 128z(1 — z)(—8 + 16z)(1 — 22)2(1 —
q 8z +8x2) +64(1—x)(1—2z)%(1 — 8z + 8z%)2% -
Manual 64x(1 — 2x)2(1 — 8z + 8x2)% — 256x(1 — z)(1 —
f(@) = la = 64z(1 - z)(1 —22)*(1 - 8z + 82%) Differentiation 2z)(1 — 8z + 8z2%)?

llsz"

lns1 = 4l (1 — 1)

f(x): £2(x):
v=x return 128*x*x(1 - x)* (-8 + 16%*x)
fori=1to 3 *((1 - 2%x)"2)* (1 — 8*x + 8*x*x)
v =4xvx(1 - v) +64%(1 - x)*((1 - 2xx)"2)*((1
return v - 8%x + 8*x*x)"2) - (64*xx*(1 -
- > 2%x) "2)* (1 - 8xx + 8%x*x) "2 -
or, in closed-form, _Symb(.)hc_ 256*x* (1 - x)* (1 - 2*x) *(1 - 8*x
Differentiation + Bkx*x) 2
£(x) : of the Closed-form
return 64*x* (1-x)*((1-2%x)~2) £ (x0) = f'(x0)
* (1-8*x+8*x*x) "2 Exact

Automatic Numerical
Differentiation Differentiation

£2(x):
(v,dv) = (x,1) f(x):
fori=1to3 h =0.000001
(v,dv) = (4*xv*(1-v), 4*xdv-8*v*dv) return (f(x+h) - f(x)) /h

return (v,dv)
it J (X()) ~ f’(ﬂ.’?())
£’ (x0) = f'(z0) Approximate

Exact

(C)L 36




D %im
f(z) 9 l4}= 64z(1 —x)(1 —22)?(1 — 8z + 8x2)?

gi——

Manual
Differentiation

fori=1to 3

returxﬁ

or, in closed-form,
——-F _

f(x):
L return 64x*x* (1-x)*((1-2%x) ~2)

R (1-8*x+8xx*x) "2

-lll""'-__
/(@) = 1282(1 — 2)(~8 162)(L — 22)2(1 -
8z +8x%)+64(1—z)(1— 2m)2(1—8m+8:.«;2)2—
64z (1 —2z)%(1 — 8;1:+8:z: )2 —256z(1 —x)(1—
27)(1 — 8x + 822)2 -

ymbolic
( Differentiation

of the Closed—formi

f2(x):
return 128*x*(1 - x)*(-8 + 16*:{)‘\

i *((1 - 2%x)"2)* (1 - 8*x + 8*x*x)

+64*%x(1 - x)*((1-2*x)"2)*x((1
— 8%x + 8%x*x) "2) - (64x*x*(1 -

" 2%x) “2) % (1 - 8%x + 8%x*x) "2 -

256%xx (1 - x)*(1 - 2*%x)*(1 - 8*x
L + 8%x*x) "2

£ (x0) = f'(xo)
Exact

Automatic
Differentiation

Numerical
Differentiation

f'(x):




Coding

f(x):
V=X
fori=1to 3
v =4%v*x(1 - v)
return v

or, in closed-form,

f(x):
return 64*x*x (1-x)*((1-2%x)~2)

*(1-8*x+8%x*x) ~2

Symbolic
Differentiation
of the Closed-form

'

?4..0‘80'4"

Automatic
leferentlatlon

Numerical
Differentiation

f‘_’(x):

Vagya

(v,dv) = (x,1)
fori=1to 3

(v,dv
return l

4*v*(1-v) 4xdv-8*v*dv)

3

£ (x0) = f/( :1:0
I"E)?E:t_‘

Reopan.,

>

Coding

:|'Prz_x) -
return 128*%x* (1 - x)* (-8 + 16%*x)

*((1 - 2%x)"2)* (1 - 8%x + 8*x*x)
+ 64*x(1 - x)*((1 -2*x)"2)*x((1
- 8%x + 8%x*x) ~2) - (64x*xx*(1 -
2%x) "2) * (1 — 8*x + 8*%x*x) "2 -
256%x* (1 — x)* (1 — 2*x)*(1 - 8%
+ 8%x*x) "2

£ (x0) = f'(z0)

Exact
&Ogm
f2(x):
h =0.000001
return (f(x+h) - f(x)) /h
£ (x0) =~ f'(z0)

=/ Approximatef




©)L

Coding

f(z) = 64x(1 —z)(1 —2x)%(1 — 8z + 8x2)2

Differenti

f(x):
v=x
fori=1to3
v =4dxyx(1 - v)

Manual

f(z) = 128z(1 — z)(—8 + 16x)(1 — 2x)3(1 —
8z +8x2) +64(1—x)(1—2z)%(1 — 8z + 8z%)2% -
64x(1 — 2z)%(1 — 8z + 8x2)% — 256z (1 — z)(1 —
2z)(1 — 8z 4 82%)?

return v !ﬁ-
or, in closed-form, ) Symbc.)lic_
Differentiation
£(x) : of tll‘?_ﬂnmd-bmn-
return 64*x* (1-x)* ((1-2%x)~2)
*(1-8*x+8%x*x) "2 P
Automatic Numerical
Differentiatio Differentiation
A4
f2(x): ()/_g?,g
(v,dv) = (x,1)

fori=1to3
(v,dv) = (4*xv*(1-v), 4*dv-8*v*dv)
return (v,dv)

£7(x0) = f'(zo)

Exact

£f2(x):

return 128*x*x(1 - x)* (-8 + 16%*x)
*((1 - 2%x) "2)* (1 - 8%x + 8*x*x)
+64%(1 - x)*((1 - 2%x) "2)*((1
- 8%x + 8*x*x)"2) - (64*xx*(1 -
2xx) "2)* (1 - 8*x + 8*x*x) "2 -
256*x* (1 - x)*(1 - 2*x)*(1 - 8*x
+ 8*x*x) "2

f° (Xo) = f’(.’L‘O)

Exact

\

f(x):
h =0.000001
return (f(x+h) - f(x)) /h
e

£’ (XQ) ~ f’(.’L‘())
ABBroximate

39



How do we compute gradients?

C Analytic or “Manual’ Differentiation
Y‘ Symbolic Differentiation

{‘ Numerical Differentiation

"+ Automatic Differentiation
— Forward mode AD

— Reverse mode AD
L, * aka “backprop”

(C) Dhruv Batra 40
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current W: gradient dW:
W

~[0.34, [?,

~-1.11, ?,
0.78, ?,
0.12, ?,
0.55, ?,
2.81, ?,
-3.1, ?,
-1.5, ?,
0.33,... ?,...]
loss|1.25347

L2

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (first dim):

_~[0.34 +
-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25322

L—CN‘H ., _"':Ji —— Wd)

gradient dW:

ES

N N ) N :\) D D) D

~
.
el

BL— L (wAn, _,NQ-— 2w, - - ,wo)

o

I~

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

e

W + h (first dim): gradient dW:
[0.34 + 0.0001, [-2.5,

-1.11, ?,

0.78, ?, \

0.12, (1,25322 - 1.25347)/0.0001
0.55, =-2.5

2.81, df(z) _ . f@+h) - f(@)
3.1, dz = h—0

-1.5, ?,

0.33,...] 2,...]

loss 1.25322

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (second dim):

[0.34,

-1.11 + 0.0001,
0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25353

gradient dW:

[
o

N N) ) ) ) ) ) )

~a
[
=

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (second dim):

[0.34,

-1.11 + 0.0001,
0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25353

gradient dW:
[-2.5,

0.6,
e

- Id

(1.25353 - 1.25347)/0.0001

.. Jz+h)- f(z)
T T h
?,...]

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (third dim):

[0.34,

-1.11,

0.78 + 0.0001,
0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

gradient dW:

> N
R

NN Y ) NI NIV O

~a
[
=

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



current W: W + h (third dim): gradient dW:
[0.34, [0.34, — [-2.5,

-1.11, 111 | / 0.6,

0.78, 0.78 4,0.000%/— 0,

0.12, 0.12~— ?, \

0.55, 0.55," - |

281 281, (_102 4347 - 1.25347)/0.0001
-3.1, -3.1, df(@) _ . f(+h) - f(2)
-1.5, -1.5, Idz “ W5 N
0.33,...] 0.33,...] N7

loss 1.253 loss 1.25347
[’:CJ;@ IR k=1 R

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




Numerical vs Analytic Gradients

= i
dx h —0

df(z) . flz+h)— f(z)
h

Numerical gradlent slow :(;, approximate :(, easy to write :ﬂ
]:nalytlc gradient East ), exact )l error-prone :(

In practice: Derive analytic gradient, check your
Implementation with numerical gradient.
This is called a gradient check.)

., -

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



How do we compute gradients?

* Analytic or “Manual” Differentiation_l

i el ]
° Symbolic Differentiatiog)( 2;_,,3—?

* Numerical Differentiation 3L_ ”‘.é
>, rAutomatic Differentiation /a;; 9,;3

— Forward mode AD

— Reverse mode AD
- * aka “backprop”

(C) Dhruv Batra 50




	Slide 1
	Administrativia
	Slide 3
	Regularization
	Regularization
	So far: Linear Classifiers
	Hard cases for a linear classifier
	Image features vs Neural Nets
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Multilayer Networks
	Slide 15
	Activation functions
	Plan for Today
	Slide 18
	Supervised Learning
	Demo Time
	Slide 22
	What is slope?
	What is slope?
	What is slope?
	Slide 26
	Slide 27
	Slide 28
	Gradient Descent has a problem
	Stochastic Gradient Descent (SGD)
	Stochastic Gradient Descent (SGD)
	Stochastic Gradient Descent (SGD)
	Stochastic Gradient Descent (SGD)
	Slide 34
	How do we compute gradients?
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	How do we compute gradients?
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Numerical vs Analytic Gradients
	How do we compute gradients?

