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Prequel

OThe learning goes on only if the gradient is non-zero!!!O

¥ there are many saddle points and a few local minima
¥ achieving zero gradient usually means that learning got
stuck (and not that you achieved the global optimum)
¥ we can avoid Opremature zero gradientO by:
¥ advanced gradient optimization method
¥ suitable initialization
¥ optimization-friendly network structure
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Outline

Stochastic Gradient Descent (SGD)
what happens to gradients during learning
layers:

¥ activation function (i.e. non-linearities)
¥ patch normalization layer

¥ max-pooling layer

¥ |loss-layers

summary of the learning procedure

¥ train, test, val data,

¥ hyper-parameters,

¥ reqgularizations
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Learning as gradient minimization
¥ Let us denote whole network including loss layer as f (X;w)
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Learning as gradient minimization
Initialize weights woand t =0

=

. . Xt W) |
2. Plug x; to input and estimate SAGE ){ by backprop
oW Zw,
3. Estimate gradient over whole training set
| f(w) _ —Z 'f(x.,W)
l'w
W= | =1 W=Wy¢y
4. Update weights
O | W I
He = favg )!W:Wt
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Learning as gradient minimization
Initialize weights woand t =0

=

o) !
2. Plug x; to input and estimate 6’f(x.,w)! by backprop
oW Zw,
3. Estimate gradient over whole training set
L f(w) ' f(x. ;W)
l'w N Z
W= |_1 W=W}¢
4. Update weights
of (w)]
Wiy — Wt — fa\/f/ )!W:Wt

¥ Whole training set does not bt into memory => instead
estimate stochastic gradient over minibatch
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Learning as gradient minimization
Initialize weights Woand t =0
R - Of (Xi;W)
Plug X; to input and estimate T

=

|
| by backprop

W =W

N

3. Estimate gradient over random mini-batch

of(w) . Of (Xi;W)
OW ~ |MB] Z OW

W =W ¢ lcMB W =W ¢

4. Update weights
o' (w)
ow

Wiy — Wy — &
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Stochastic Gradient Descent (SGD) drawbacks

o' (w)
ow '

W— W¢

Wiy — Wy — &
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Stochastic Gradient Descent (SGD) drawbacks

o' (w)
ow '
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SGD drawbacks

o' (w)
ow '

W— W¢

Wiy — Wy — &
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SGD drawbacks
o' (w)
oW !W: W

¥ Easlly get stuck in local minima or saddle points
¥ There are much more saddle points than minima
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SGD drawbacks

of' (w)]
ow

¥ Easlly get stuck in local minima or saddle points
¥ There are much more saddle points than minima

Wiy — Wy — &

W= W¢

3
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SGD drawbacks
o' (w)
oW !W: W

¥ Easlly get stuck in local minima or saddle points
¥ There are much more saddle points than minima
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SGD drawbacks
o' (w)
oW !W: W

¥ Easlly get stuck in local minima or saddle points
¥ There are much more saddle points than minima
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vi+1l — PVt |«

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

Ly =777

v
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

f )A Overcome low
W : :
gradient regions
v >> 0
Wi W2 W
wgf‘,_{; Czech Technical University in Prague
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

A
f (w) Reach minimum
: >
W3 W
n;ig Czech Technical University in Prague
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

A . .
f (w) Reach minimum
but overshoots
>
W
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

f (w) [ Reach minimum
but overshoots
S
SN
W 5 W
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

A . .
f (w) Reach minimum
but overshoots
v < (
L S
W gW 5 W
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

A . E
f (w) Reach minimum :
but overshoots :
vV < (3
—t
L S
W g W
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vi+l = pvi ! «

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

f (w) [ Jumps steep minima.
IS it good?
v >> 0
E >
w
wgf‘,_{; Czech Technical University in Prague
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SGD + momentum
of '(w)j
OW | _

W— Wi

Vit = pVi ! o

Wit1 = Wi + Vi

¥ Build velocity v as running average of gradients
¥ Rolling ball with velocity v and friction coeff ! = 0.95

A n u
f (w) Reach minimum  —5 nroplem 111
but overshoots
>
W
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SGD with Nesterov momentum
#E (W)

I
#W W=W.:+!vy

Vil vy !
Wil = Wi + Vy

¥ Look one step ahead and reduce velocity by future gradient
¥ Partially prevents overshooting

f(w)

. http://www.cs.toronto.edu/~fritz/absps/momentum. pdf
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SGD in 2 dimensional weights
Of (W),

Wiy — Wy — &

oW W= Wy
(=
X
VW =777
VW2:’7’>’>
|
1wy, ! wy] =" 8;(“7)!
A W =Wt
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SGD in 2 dimensional weights
Of (W),

Wiy — Wy — &

OW s w,
VWZ
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SGD in 2 dimensional weights

o' (w)
ow '

W— W¢

Wiy — Wy — &

> >

VWq

of (w) |
ow
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SGD in 2 dimensional weights

of (w) |
ow
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SGD in 2 dimensional weights

Of (W)
ow '

W— W¢

Wiy — Wy — &

>

I
, , _n O (w))
P owg, b we] = v !
A W =W}t
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SGD in 2 dimensional weights

of' (w)]
ow

Wiy — Wy — &

W= W¢

Undesired zig-zag behaviour

Momentum suppresses this problem partially, but not enough!

)
[. Wy, ! W2] — s |
W W =W}
n;ig Czech Technical University in Prague 20
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SGD in 2 dimensional weights

of' (w)]
ow

Wiy — Wy — &

W= W¢

Undesired zig-zag behaviour

How should we scale particular dimensions?
of (w) |
ow
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Second order method
, Of (WH
OW b

W— Wi

Wis1 = Wy ! OéH!

¥ By the change of the gradient => Hessian H =

0*f (W),

0?W !W
¥ Speed of change corresponds to eigen-values of Hessian.
¥ The faster the change the shorter the step
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Second order method
, Of (WH
OW b

W— Wi

Wis1 = Wy ! OéH!

¥ By the change of the gradient => Hesslan H =

0*f (W),

0?W !W
¥ Speed of change corresponds to eigen-values of Hessian.
¥ The faster the change the shorter the step

e }5")‘ ap . . . .
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Second order method
, Of (WH
OW b

W— Wi

Wisp = Wy ! OéH!

2 |
¥ What is dimensionality of H = ot (W)=
02W

¥ NxN = O(N® w=w,
¥ Inversion is technically intractable

277

S Czech Technical University in Prague
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¥ Approximate Hessian as H (w;) ! diag (" w" w

where | w, = !f(W)i

I
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AdaGrad

et (W) 6

W, ! we" ! odiag #w#w,
W W =W ;
=— > \©
¥ Approximate Hessian as H (w;) ! diag (" w;" WtT)1/2

where | w, = !f(w)i

|
@ FHo } W . W=Wt
R0 Czech Technical University in Prague
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AdaGrad
' HoP 1" (W)%

w;1 ! ow" I odiag #Wt#Wt w"

\/# vvt2 !

W =W ¢

Wit 1 | Wit $#Wt

http://www.mlr.org/papers/volumel2/duchilla/duchilla.pdf
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AdamOptimizer = AdaGrad + momentum in  Vw;, Vw;

[Kingma ICLR 2015]

S0 Czech Technical University in Prague
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AdamOptimizer = AdaGrad + momentum in  Vw;, Vw;

[Kingma ICLR 2015]
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AdamOptimizer = AdaGrad + momentum in  Vw;, Vw;

Vi=ltvp o +(@ ! 1)" wy

Ot = Bqu 1+ (1! B)" w¢
= L !
Wirp = Wy ! g+ # V,

[Kingma ICLR 2015]
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Summary
¥ Adam Is the most popular choice, since It is not that

sensitive to other hyper-parameters.
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Summary
¥ Adam Is the most popular choice, since It is not that

sensitive to other hyper-parameters.

¥ However careful setting of other hyper-parameters
makes not-adaptive method work similarly or better
https://arxiv.org/pdf/1705.08292.pdf

[— SGD — SGD+m — AdaGrad — RMSProp — Adam —— Adam (Default)
20 20 .
15| {| adaptivity overpts!!!
o 15
B R <16/ W AdaGrad: 11.34+0.46
8 N N NN AN o) OL N\,
— e v
L o 14
g110— 5
= g 12
G -
= 5 10
8! | ' . .
0 SGD: 7.65+0.14
0 50 100 150 200 250 0 50 100 150 200 250
Epoch Epoch
J L,f? Czech Technical University in Prague 43
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https://arxiv.org/pdf/1705.08292.pdf

Summary
¥ Adam Is the most popular choice, since it is not that

sensitive to other hyper-parameters.

¥ However careful setting of other hyper-parameters
makes not-adaptive method work similarly or better
https://arxiv.org/pdf/1705.08292.pdf

¥ SGDR https://arxiv.org/abs/1608.03983

05 Single Model ﬁﬁ\ 7 Snapshot Ensemble ;ﬁ\

04 Standard LR Schedule = [/} 04 Cyclic LR Schedule : - /)
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__ htips://medium.com/38th-street-studios/exploring-stochastic-gradient-descent-with-restarts-sgdr-fa206c38a74e
R0 Czech Technical University in Prague
PR NS 'Y =

A2 Faculty of Electrical Engineering, Department of Cybernetics

44


https://arxiv.org/pdf/1705.08292.pdf
https://arxiv.org/abs/1608.03983
https://medium.com/38th-street-studios/exploring-stochastic-gradient-descent-with-restarts-sgdr-fa206c38a74e

Summary

¥ Whatever Is the gradient computation algorithm,
we can easily achieve zero gradient!
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Outline

Stochastic Gradient Descent (SGD)
what happens to gradients during learning
layers:

¥ activation function (i.e. non-linearities)
¥ patch normalization layer

¥ max-pooling layer

¥ |loss-layers

summary of the learning procedure

¥ train, test, val data,

¥ hyper-parameters,

¥ reqgularizations
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Learning
¥ let us plug Image as input, what values are propagated?

T |:L |y| 1 i [‘—ﬁ
:_ \ Y1 [ [ [ | i [ I [ I [ I | |
&ﬁ % —> (D> ? e !! —»
\ Yo
e B D
5Xx5X3 ﬁ AX4AX3 AX4AX3 f 3x3x4
- :
G -
feature feature feature| Eﬂ feature
map map map I map
Image 7277 layer: 277
layer: convl sigmoid layer: conv?2
AR Czech Technical University in Prague .7
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Learning
¥ let us plug Image as input, what values are propagated?

wem M I
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\ va |
Convix, w3l _.._
feature feature feature? Qe feature
map map map I map
(! 1;1) (" 5+" )layer: (0;1)
layer: convl sigmoid layer: conv?2
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Learning
¥ what happens to sigm outputs when weights are small ?

o]

éﬁéﬁéﬁéﬁ

sigm 7?77 conv2 sigm 777
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Learning
¥ what happens to sigm outputs when weights are small ?

. convl sigm ‘ conv?2 sigm

ng;g Czech Technical University in Prague
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Learning
¥ what happens to sigm outputs when weights are huge ?

o]

éﬁéﬁéﬁéﬁ

sigm 7?77 conv2 sigm 777
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Learning
¥ what happens to sigm outputs when weights are huge ?

e
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sigm | | conv2 sigm | |
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¥ what happen to backprop gradient when weights are huge ?

X2 IS huV (: )
(:3 Czech Technical University in Prague

Faculty of Electrical Engineering, Department of Cybernetics
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¥ what happen to backprop gradient when weights are huge ?

I I
_p:'P _p =)
' wq I 'wo

Y1
I
W1 L W1 0

X1 Is huge

l'w !
~ X21s huge
ngf‘é Czech Technical University in Prague c4
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¥ what happen to backprop gradient when weights are huge ?

Pty telp P _tya tulp
'wy lwy Ly 1o | wy,  Twoly Lo
'y,
W1 !Wl
:1

X2 IS huV
B 3(:3 Czech Technical University in Prague
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¥ what happen to backprop gradient when weights are huge ?

1

Sigmoid
U(x):wi—m
P _l'yi twlp Pty tulp
'wy lwy Ly 1o | wy,  Twoly Lo
'y,
W1 !Wl
y1 :1

X2 1S huV
(:3 Czech Technical University in Prague
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¥ what happen to backprop gradient when weights are huge ?

- __'p
Sigmoid v
1
U(ﬂ?):1+e_m
'P_lyi lovlp _ P _ly2lulp _
'wy lwy Ly 1o wy,  Twoly Lo
'y,
W1 !Wl

57

X2 IS huV
,[“f f Czech Technical University in Prague

Faculty of Electrical Engineering, Department of Cybernetics



¥ what happens when conv input is only positive?
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N\ |
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Learning

o]

e
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sigm 7?7 conv2
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
them /. gradient?
'_p:'yllv'p:,? !p:|YZ'U'p:7
'wy lwy Ly 1o wy,  Twoly Lo
Y1
W1 l 'wy

I
v U
2= vV H— (W~
T, @ v: W2
XV
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Learning

Sigmoid ¥ zero gradient when saturated
_ 1 ¥ what happen to backprop

0'(:13)  14e—® :

pa—_ § gradient?
I—p:—lyll L —!p:—lyz 1.'P
l'wy l'wy L v lwy  Tws L v

Y1

I

W1 L W1 |
Y1 i:

I
v U
2= vV H— (W~
T, @ v: W2
XV
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
them /. gradient?

I I
-~ P xlll_p:’P _p:x2 1.:P —
I 'wi | v 'ws | v

Y1

I

W1 L W1 |
Y1 i:

I
v U
2= vV H— (W~
T, @ v: W2
XV
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
them /. gradient?
| p | | |
" = : : p >0 - P — 1 p >0
wy, Ot : 1y W 72 1y
Y1
W1 l 'wy

w2 yo LT
X9 >0
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
them /. gradient?

| p | | |
= = : : p >0 _r P — 1 p >0
w7 : 1y <0 L wo " 1y <0

Y1

I

W1 L W1 |
Y1 i:

I
v U
22 vV H— (W~
DS @ v: W2
XV
SO8 Czech Technical University in Prague
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Learning

Sigmoid ¥ zero gradient when saturated
(z) = 1 ¥ what happen to backprop
O\xr) = I+e—7 _
p—_1 ~ gradient?
| | | I >
—p: X1'1'—p>0 —p: X2 1 _p 0
! 1 | vV <O I ? | vV <O
A
W9 W
>
w1
Wopt
,E, R Czech Technical University in Prague 6
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = ; 1 ¥ what_ happen to backprop
e —/, _ gradient?
| | | |
—p: X1'1'—p>0 _p: Xxo -1 _p>0
' wy | <O | Ws 1, <O
A
W9 W
>
w1
Lp
Wopt W opt
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Learning

Sigmoid ¥ zero gradient when saturated
9
(z) = ] ¥ what happen to backprop
o\T) = IFe—2 _
) ~ gradient?
! I S | | >
|—p: X1 - 1 . _p O —p = X2 1 _p O
. 1 IU <O 2 IU <O
O
A
W»o W
>
w1
'p
W opt W opt
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
e ~ gradient?
|

I Wy 1y <O

>

wn

'p
W opt
op l'w opt
ﬁ—@? Czech Technical University in Prague -
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
e ~ gradient?
e
Tw. . X1
. 1
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ what happen to backprop
e ~ gradient?
e
Tw. . X1
. 1
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Learning

Sigmoid ¥ zero gradient when saturated

(z) = 1 ¥ what happen to backprop
0(T) = {7o== _

p—_1 ~ gradient?

L p

T

W1
,E, o Czech Technical University in Prague 20
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Sigmoid
— 1
0-(.’,1:) — 14e—®
Ip
w1
- W1

Learning

10

¥ zero gradient when saturated
¥ undesired zig-zag behaviour
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Learning

Sigmoid ¥ zero gradient when saturated
o(z) = —1 ¥ undesired zig-zag behaviour
- 14e—®
| | > | >
_p: xq- 1 _p 0 X5 1 _p 0
w2 4 W l
....... sigmoic
>
w1
how big fraction is the blue P
region in 10-dim space? W
ﬁg;ii) Czech Technical University in Prague .

IA'NPS Faculty of Electrical Engineering, Department of Cybernetics



Learning - summary
¥ you want to keep reasonable values during training !!!!

o e o

éﬁéﬁéﬁéﬁ

sigm . conv2 sigm .
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Next lecture

¥ layers:
¥ activation function (I.e. non-linearities)
¥ patch normalization layer
¥ max-pooling layer
¥ |loss-layers
¥ summary of the learning procedure
¥ train, test, val data,
¥ hyper-parameters,
¥ regularizations

{T\ f?:;‘) D

e Czech Technical University in Prague
AN Faculty of Electrical Engineering, Department of Cybernetics

74



