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What about very high-dimensional spaces?

For high dimensional parameter space, most points of
zero gradients are not local optima and are saddle points.
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Gradient Descent

If slope Is negative = increase w
If slope Is positive = decrease w
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Widrow-Hoff Learning Rule

LMS(Least Mean Square)
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Single-Layer Linear Network
Layer of Linear
Input Neurons Input  Layer of Linear Neurons
f N 3\ A
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n ax 1
Sx1 7£
R x 5
G 5x1 y
a= purelin(Wp+b)
Where.___ R = numberof
elements in
input vector
5 = numberof

neurons in layer
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Multilayer Neural Network B} RNV V:Va ﬂﬁ.\.ﬁ) -

Multilayer Perceptron( MLP)
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An introduction to computing with neural nets (Lippmann, R. P. 1987)
Types of Exclusive-OR | Classes with

Most General
Decision Regions Problem Meshed regions|Region Shapes

Single-Layer | Half Plane Q
K Bounded By
Hyperplane - .

Two-Layer | convex Open
>

}) Or
%%} Closed Regions

Structure

Three-Layer| Abitrary

(Complexity
Limited by No.
of Nodes)

@ﬂ@e@e
e Y| © @

W)

Neural Networks — An Introduction Dr. Andrew Hunter
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"""""""""" Rumelhart, D. E., et al. (1986). *'Learning representations by back-propagating
errors.” Nature 323(6088): 533-536.
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ReLU(rectified linear activation function) —

Biological Cybernetics1975, ICML2010
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Exponential Linear Unit(ELU)
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ailg) sabhdi @ gsiw) )» OGw pliLe canb @ oo 0T
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Momentum

Nesterov accelerated gradient

Adagrad
Adadelta
RMSprop

Adam

Nadam
« AMSGrad

Optimiser | Year | Learning Rate | Gradient
Momentum | 1964 v
AdaGrad 2011 v

RMSprop 2012 v

Adadelta 2012 v

Nesterov 2013 v
Adam 2014 v v
AdaMax 2015 v v
Nadam 2015 v v
AMSGrad 2018 v v

https://towardsdatascience.com/10-gradient-descent-optimisation-algorithms-
86989510b5e9
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Gradient Descent

If slope Is negative = increase w
If slope Is positive = decrease w
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Momentum and Learning Rate Adaptation -

Local Minima

&

Y
A
Y

\.
@

N/ IPA
ac S Shiogds - iayww.willamette.edu/~gorr/classes/cs449/momrate.htmi



momentum j\ aslatw) ng) =—
W ew :Wold +AW

N

generalized delta rule
ok (n)

ij,(n)aAW;,(n—l)—naW}i(n)E[ \b\/

O0<a<l

:alm]y ©

Corzy Celopo p Clypy i
| | _
AW ; (n) =acAw i (n _1)+775jl (n)-yiI '(n)

choc slaasyb (sl



momentum j| aslatw) (0g) =—
Chmy Ty p Clpy Ky
AW j; () = aAw ; (n =1} +75; (n).y; " (n)
:oMS (-0 )P Jol iteration sy
AW j; (0) =757 (0).y;(0)

Aw 'y (1) = ans) (0).y 7 (0) + 76} M.y} M

AW (2) = @*n3; 0y (0) + and; ).y (M) +16;(2)y;(2) |

Momentum o
AW () =7 "8 (h).y ! (h) TR
JI ] I
o \ (St

. 1We
JRENER Tz I o mentum <o



momentum j| aslaiw (0g)

Cuwl ssle 3w) jo)w sbb Jo eiias Cub )S) | Q[

Sw) 19) @ 385 Jas Gy Saw @y Al @l d)1s3) yo @
AiS0 O (LS (563l ) )iy
038)5 B3 )y AL Cyses OGS a5 a5 (Feo ) -
S0¢0 gbjge | @pnl Eielb momentum
sisd )l wage bl pludy Ohues o ) -

P

20808 o]

301)50 Gy )1 Y § }0 )l PeS b a5 Al avly ©

L)
C180)s aiagy (AL Olg3ge gbjgel 3y olies yEs b
)

choc slaasyb (sl



39) PG iteration ase
sib salgd JJ9T s
allg) )isdo jl iy o

1645 euslgs alvls pjas

ehoc slaatub gl



momentum j\ aslatw) ng) =—

AW ! (n) =— n a" "5 (h).y! *(h
,(L)/nhz(;\,()y (h)

- non OE(N)

AW ' (n) =— a "

i () nhZ:; ()

L7093 A A3 sy Sk ols) PaS3bs °
Momentum )\ as(aiw)

momentum Training time

I
I T

(asud (fijg,0) :
GHas OO OO0 ttp: /lIwww.willamette.edu/~gorr/classes/cs449/momrate.htm|

1o



LS Cupd § (SPIL AP =

Ohnes sl PG5 53l 3) djlail yo o

)y ¥ Joe sAras Lol «Cuwl YIS Hlagad

sLas bolpbh ol ) el s @ Mlgig e
500 )1)B W)y )60 Uod (sayg) ) (s)ai

For n->0, a->1

OBWS pd 9 SRk AP $Ip 45 (T )s o

Eel ool aid)5 Js )y ()P 9 0 sl

35 e Slwgd Oygo @ bs pliys s solgd
30 hSas (5500 )lake ay b g

choc slaasyb (sl



((8909) pis (SPIL AP Uvy) =

Adaptive Learning Rate
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Nesterov accelerated gradient -

Nesterov Accelerated Gradient (NAG), is to measure the gradient of the cost
function not at the local position but slightly ahead in the direction of the
momentum

Cue80.8 ey Yy gwlnl 1) 2gaub 3l )
Jdlac)! obsh5 ST guaw § 3¢, allo
3013 (,

Momentum update: Nesterov Momentum
. Gradient CRAY
Velocity Velocity f e
el S actual step ’;‘%‘
3 &0‘&
. % >
Gradient .

Sutskever, I., et al. (2013). On the importance of initialization and momentum in deep learning.
International conference on machine learning, PMLR. 109
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optimizer = keras.optimizers.SGD(1lr=0.001, momentum=0.9, nesterov=True)

h
Momentum update: Nesterov Momentum
. Gradient
Velocity Velocity
actual step actual step
-
Gradient
0, Cost
I
A
Starting _ s
p0|nt ......

— Ty Regular
momentum update

(0 Lngaﬁn‘u"lﬂWf&zﬁ" Machine Learning with Scikit-Learn, Keras, and TensorFlow



- CM_ball (Classical
. Momentum)

i . Momentum Jump

—

Slope Jump

o NAG_ball (Nesterov’s
Accelerated Gradient)
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Wlook_ahead

Wo Wo

(a) Momentum-Based Gradient Descent (b) Nesterov Accelerated Gradient De

choc slaasyb (sl



Silwaingy sloogun =

SGD
Stochastic gradient descent optimizer.

0 LU L5 (IO s omentum jl gleg.o o9 ol )s
A9 oxlaw/nestrov momentum

keras.optimizers.SGD(Ir=0.01, momentum=0.0, decay=0.0, nesterov=False)

Ir = self.Ir * (1. / (1. + self.decay * self.iterations))

_ o
(S —

1+ —
T
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https://florian.github.io/rprop/



resilient backpropagation -
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Riedmiller, M., and H. Braun. "A Direct Adaptive Method for Faster Backpropagation
Learning: The Rprop Algorithm." Paper presented at the IEEE International Conference on
Neural Networks, 28 March-1 April 1993 1993.
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-—
 Adaptive gradient

Adaptive gradient

keras.optimizers.Adagrad(lr=0.01, epsilon=None, decay=0.0)

In its update rule, Adagrad modifies the general learning rate n at each time
step t for every parameter based on the past gradients

Wi41 = W —

S ot sladts o s p) 0,8 Oy por CHS Sy g 0 Sl don s (6, S0l 350 0 Csl
6:—“&/&‘;‘4:0‘)% WL.:(; Q‘;L&a Jé«-ﬁj ..«b'/_,f‘;a elieo dlﬁdg )/Jé.ﬁfjf

ssannealing wlis g5 Klos Mas

sl G S S 5o il S o5 ghhs) 5o Sb1S ST sl olm 45 p3lis 4

Duchi, John, Elad Hazan, and Yoram Singer. "Adaptive Subgradient Methods for
Online Learning and Stochastic Optimization." Journal of machine learning research
12, no. 7 (2011).
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optimizer = keras.optimizers.RMSprop(lr=0.001, rho=0.

9)

RMSprop and Adadelta have both been developed independently around

the same time stemming from the need to resolve Adagrad's radically

diminishing learning rates.
RMSprop as well divides the learning rate by an exponentially Moving

average of squared gradients.

V100 = 0.9V99 + 0.160,¢

(V99 = 0.9v9g + 0.159
Vgg = 0.91797 + ‘0'1698

oL
B

oc slaasuib gbidttp:/iruder.io/optimizing-gradient-descent/

St = BSi—1+ (1 —B)

B
o



Exponentially Weighted Averages -

Exponentially weighted averages
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RMSprop
A mini-batch version of rprop
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Adadelta -

Accumulation of the squared gradients in the
denominator causes the learning rate to shrink and
eventually become infinitesimally small, at which point

icquire additional
3.1. Idea 1: Accumulate Over Window

Instead of accumulating all past squared gradients, Adadelta restricts the

window of accumulated past gradients to some fixed size w.
keras.optimizers.Adadelta(lr=1.0, rho=0.95, epsilon=None, decay=0.0)

1/ Df—] + € oL
Wi41 = Wy — \/U T e : w with D and v initialised to 0, and

where

Dp_ = .ﬁD,{_l -+ (1 — ﬁ}[&?lu]z
aL]2

i

= Buy_1 + (] - ﬁ) [()w
/1

Zeiler, Matthew D. "Adadelta: An Adaptive Learning Rate Method."
[BXats arXiv preprint arXiv:1212.5701 (2012).



3.2. Idea 2: Correct Units with Hessian Approximation 1 Af

B of 52f — Of
A =—H 1g. Af — 3329 aTif?E 90
g1 —

of ’
o6

Ab
o6

\V Dt—l + € ' OL with D and v initialised to 0, and
VU + € Ow;

QIJ£+1 = Wt —

where

Dy =pBDy 1+ (1— [3}[&“"1]2

oL

2
[l f.

e sloasiu Ui{()gﬁs. optimizers.Adadelta(lr=1.0, rho=0.95, epsilon=None, decay=0.0)

https://medium.com/konvergen/continuing-on-adaptive-method-adadelta-and-rmsprop-1ff2c6029133




Adaptive moment estimation

=

RMSprop
keras.optimizers.Adam(Ir=0.001, beta_1=0.9, beta_2=0.999, epsilon=None, decay=0.0, amsgrad=False

momentum N

Adaptive Moment Estimation (Adam) is another method that computes
adaptive learning rates for each parameter. In addition to storing an
exponentially decaying average of past squared gradients like Adadelta and
RMSprop, Adam also keeps an exponentially decaying average of past
gradients, similar to momentum. Whereas momentum can be seen as a ball
running down a slope, Adam behaves like a heavy ball with friction, which

Vi
Vt_l—,@
gt_ St

Kingma, Diederik P and Jimmy Ba. "Adam: A Method for =

Vi=p1Vie1 +

St = [25t—1 + (1 — B2) {—

OL
dw,
0L o
G’wt] B .&b

Stochastic:Qpiimization." arXiv preprint arXiv:1412.6980 (2014). 10K



NADAM T

Nadam (Dozat, 2015) is an acronym for Nesterov and Adam optimiser.

avg grads = betal * avg grads + (l-betal) * w.grad
avg squared = beta2Z * (avg squared) + (l-beta2) * (w.grad ** 2)

w =w — 1lr * avg grads / sdgrt(avg squared)

avg grads = betal * avg grads + (l-betal) * w.grad
avg squared = betaZ * (avg squared) + (l-beta2) * (w.grad ** 2)
lmax_squared = max(avg_squared, max squared) |

w =w — 1lr * avg grads / sdgrt(max squared)

choc slaasyb (sl


http://cs229.stanford.edu/proj2015/054_report.pdf

Batch gradient descent (Gradient calculated _

on entire data set) =
Stochastic gradient descent (Gradient ).
calculated for every sample in the dataset
per epoch)
Gradient descent

NAG (Reduce error by using future step) 3

Mini-batch gradient descent ( Similar to SGD

but on mini batches. Note:This is often
Momentum( Throwing the ball downhill - Go faster if referred to as SGD)

going in right direction)
Adaptive learning rate

Adadelta (decaying average of all past squared
gradients)

Adagrad(Adapts leaming rate to the parameters based
on previous gradients), but has learning rate shrinking
problem

RMSProp(decaying average of all past squared

gradients) i‘é.:

f Adam(RMSProp + bias-correction + momentum) ""AJ.
Nadam (Adam + NAG)

ouoc sloasds (bjgel
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The Forward-Forward
algorithm (FF)




“As a model of how cortex learns,
backpropagation remains implausible
despite considerable effort to invent
ways in which it could be
implemented by real neurons,” Hinton
writes. “There is no convincing
evidence that cortex explicitly
propagates error derivatives or stores
neural activities for use in a
subsequent backward pass.”

“the perceptual system needs to perform inference

and learning in real time without stopping to perform
backpropagation,” Hinton writes. g :.'B
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Backpropagation also doesn’t work if
the computation done in the forward
pass is not differentiable. “If we
insert a black box into the forward
pass, it is no longer possible to
perform backpropagation unless we
learn a differentiable model of the
black box,” Hinton writes.

Unlike backpropagation, the FF
algorithm also works if it contains
black-box modules. Since the
algorithm does not require
differentiable functions, it can still
tune its trainable parameters without
knowing the inner workings of every
layer in the model. %
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“"The Forward-Forward algorithm (FF)
is comparable in speed to
backpropagation but has the
advantage that it can be used when
the precise details of the forward
computation are unknown,” Hinton
writes.




Forward-Forward -
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