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Overview

AVanilla SGD
ASGD + Momentum
ANAG

ARprop

AAdaGrad
ARMSProp
AAdaDelta

AAdam



More tricks

ABatchNormalization
ANatural Networks



Gradient (Steepest) Descent

AMove in the opposite direction of the gradient




Conjugate Gradient Methods

ASee Moller 1993A scaled conjugate gradient algorithm for fast supervised learning]
Martens et al., 201 ({beep Learning via Hessian Free optimization]



Notation

9 Parameters of Network

f Function of network parameters

v=f



Properties of Loss function for SGD

Loss function over all samples must decompose into a loss function
per sample

| = Z?:o(ﬂ?z' — yz‘)Q



Vanilla SGD

vir1 = af' ()
Or+1 = 01 — 41
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SGD + Momentum

APlain SGD can make erratic updates on nemooth loss functions
AConsider an outlier example which 0

AMaintain some history of updates

APhysics example
AA moving ball acquires Omoment umob,
sensitive to the direct force (gradient)



SGD + Momentum

Ut+1 = Oéf/(et) T Uy
Or+1

9t — Ut+41

T O+



SGD + Momentum

AAt iteration 0 you add updates from previous iteratio® by
weight

AYou effectively multiply your updates by—



NesterovAccelerate Gradient (NAG)

AllyaSutskever2012

AFirst make a jump as directed by momentum
AThen depending on where you land, correct the parameters



NAG
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NAG vs Standard Momentum

A picture of the Nesterov method

* First make a big jump in the direction of the previous accumulated gradient.

* Then measure the gradient where you end up and make a correction.

brown vector = jump, red vector = correction,  green vector = accumulated gradient

blue vectors = standard momentum



Why anything new (beyond
Momentum/NAG)?

AHow to set learning rate and decay of learning rates?
Aldeally want adaptive learning rates



Why anything new (beyond
Momentum/NAG)?

ANeurons in each layer learn differently
A Gradient magnitudes vary across layers
AEarly |l ayers get oOovanishing gradien

AShould ideally use separate adaptive learning rates
AOne of the r eas onlsmulfipbersinbaievi ng 0gai n

AAdaptive learning rate algorithms

AJacobs 1989 agreement in sign between current gradient for a weight
and velocity for that weight

AUse larger minibatches



Adaptive Learning Rates



Resilient PropagationRprop)

ARiedmillerand Braun 1993
AAddress the problem of adaptive learning rate

Alncrease the learning rate for a weight multiplicatively if signs of last
two gradients agree

AElse decrease learning rate multiplicatively



Rprop Update

it fifio1>0

Uy = 77+’Ut—1
else if  f/fi_1 <O

Vg =1 Vg1
else

UV = V¢

9t+1 — Ht — Uy

0<n—<1<n+



Rprop Initialization

Alnitialize all updates at iteration 0 to constant value
Alf you set both | earning rates to 1

’U():(S

ARprop effectively divides the gradient by its magnitude
AYou never update using the gradient itself, but by its sign



Problems withRprop

AConsider a weight that gets updates of 0.1 in nine mini batches, and
-0.9 in tenth mini batch

ASGD would keep this weight roughly where it started

ARpropwould increment weight nine times By, and then for the
tenth update decrease the weight

AEffective updatew] 1 Y
AAcross minibatches we scale updates very differently



Adaptive GradientAdaGrad

ADuchiet al., 2010
AWe need to scale updates across mibatches similarly
AUse gradient updates as an indicator to scaling

2
Tt = 915 -+ Tt—1,

Ut4+1 — %f’(@t),

Or+1 = 01 — Vi1



Problems withAdaGrad

ALowers the update size very aggressively

2
Tt = Qt + rt—1,

Ut4+1 — %f’(@t),

9t+1 — 9t — Ut+1



RMSProp= Rprop+ SGD

ATieleman& Hinton et al., 2012 Courseraslide 29, Lecture 6)
AScale updates similarly across mipatches

AScale bydecaying average of squared gradient
ARather than the sum of squared gradients AdaGrad

re=(1=7) f'(0)2+re 1,

@7
vit1 = —=f"(04),

NG

9t+1 — 9t — Ut4+1



RMSProp

AHas shown success for training Recurrent Models
AUsing Momentum generally does not show much improvement



FancyRMSProp

AONo more peskySdhaatalni ng r at eso
AComputes a diagonal Hessian and uses something similaRtdSProp

ADiagonal Hessian computation requires an additional Forwadckward
pass
A Double the time of SGD



Units of update

ASGD update is in terms of gradient

Ut = afla
Oir1 = 0 + vy
1
o

units of 6



Unitlessupdates

AUpdates are not in units of parameters



Hesslan updates

v =H

9t+1 — Qt — Ut41



Hessian gives correct units

v =H ' f

9t+1 — 9t — Ut+41

Vi1 = H 1 f
/
I
f//
1 /units of ¢

. (1/units of #)?

o units of 0



AdaDelta

AZeileret al., 2012
AGet updates that match units
AKeep properties fromRMSProp
AUpdates should be of the form
Vi1 = H ' f
/
1
f//
1 /units of

. (1/units of )2

o units of 0



AdaDelta

AApproximate denominator bysgri{decaying average of gradient
squares)

AApproximate numerator bydecaying average of squared updates

Vi1 1 X units of 0

RMS(updates)
RMS(gradient)

x gradient



AdaDelta

AApproximate denominator bysgri{decaying average of gradient
squares)

AApproximate numerator bydecaying average of squared updates

Vi1 1 X units of 0

RMS(updates)
RMS(gradient)

x gradient

pre1 = (1 — 72)”03 + Y2Dt
ry = (1 — ’yl)f’(ﬁt)Q + Y17t —1



AdaDeltaUpdate Rule

re = (1 — 1) f/(0:)* + 171,



Problems withAdaDelta

AThe moving averages are biased by initialization of decay
parameters

pir1 = (1 —72)v7 + Y2p
ry = (1 — ’yl)f’(ﬁt)Q + Y1Tt—1



Problems withAdaDelta

ANot the first intuitive shot at
AThis just maybe me nitpicking

AWhy do updates have a time delay?
AThere is some explanation in the pa

i1 = (1 — ’7/2)’0152 + Y2Pt
ry = (1 — 71)f,(9t)2 + Y1Tt—1



Adam

AKingma& Ba, 2015
AAverages of gradient, or squared gradients
ABias correction

re = (1 =) f1(0:) + v1re-1,

pr = (1 —72) f(6:)* + Yapi—1
Tt

(1—=(1—=m)")
A Pt

T = (1= )Y

A

Tt —




Adam update rule

re = (1 —1) f1(0) +y1re—1,

pr = (1 — 72)]“(91&)2 + YoPi—1
Tt

A

Tt —
(1= (1—m)")
b, = Dt
. =
(1 - (1 — 72)t)
T't
UV — O—F—=
Pt

9 1 = 9 — U
t+ ¢ ¢ Updates are not in the correct unit

Simplification, does not have decay over gamma



AdaMax Adam

re = (L — 1) f'(0:) + vire—1, re = (L —1) f/(0r) +yire—1.
Pt = max(fmpt_l, |f,(9t)’) pr = (1— ’YQ)f,(@t)Q + YoPt—1
7 Tt : It
t = Ty =
(1= (1 =) T -(1-m)h)
r A Dt
Vg = a— Pt = ;
Pt (1 — (1 — ’72) )
Orr1 =0, — vy v — gt
V3

9t+1 — 9t — Ut



Adam Result® Logistic Regression
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Figure 1: Logistic regression training negative log likelihood on MNIST images and IMDB movie
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Adam Results MLP

1 MNIST Multilayer Neural Netwark + dropout

— AdaGrad
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Adam Result® Conv Nets
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Visualization
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