Searching for
activation functions

By Ang Ming Liang



About Me

| am an Al enthusiast

Interested In solving general
intelligence

Will enter NUS Computational
Biology program in 2019




Motivation

Google's Al Makes Its Own Al Children - And They're
Awesome

GCa0e

GOOGLE Al GREATES ITS OWN "CHILD Al
THAT'S MORE ADVANGED THAN SYSTEMS
BUILT BY HUMANS

| am calling BS



AutoML

3 Google Cloud Q  search CONSOLE  : e

Why Goople Products So ulions Launcher Pricng Securily Cuslomers Documentation Support Partners TRY IT FREE CONTACT SALES

CLOUD AUTOML ™"

Train high quality custom machine learning models with minimum effort and machine learning expertise

£ KEEP ME UPDATED

Train Custom Machine Learning Maodels

Cloud AutoML i3 a suite of Machine Leaming products that enables developers with limited machine learning expertise to w

train high quality models by Ieveraging Google's state of the arl transfer learning, and Neural Architecture Search technology

AutoML Vision is the first product to be released. 1t is a simple, secure and flexible ML service that lets you train custom

— R=4 —
1= I= I Ix

vision models for your own use cases. Soon, Cloud AutaML will release ather services for all ather major fields of A
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The idea

Sample architecture A
with probability p

The controller (RNN)

{

y

Trains a child network
with architecture
A to get accuracy R

Compute gradient of p and
scale it by R to update
the controller




Input 1

Input 2

Unary 1

Unary 2

Input 1

R NAR AN RN RN A

Core unit N-1

CoreunitN

Core unit N+1



Sampling functions

{ )_‘ Unary Core unit
Binary Unary \
o \
\
Unary
\ — H /} Binary \
/
—  Unary /
Core unit

b(uy(xy),us(zs2)).



Sampling functions

e Unary functions: z, —z, |z|, 2%, 2°, \/z, Bz, z + 3, log(|z| + ¢), exp(z) sin(z), cos(z),
sinh(z), cosh(z), tanh(z), sinh~' (), tan~ (), sinc(z), max(z,0), min(z,0), o(z),
log(1 + exp(z)), exp(—z<), erf(x), 5

e Binary functions: 21 + 29, Z1 - Z2, T1 — T2, ., Max(z1, T2), Min(z1, Ta), (1) - T2,

exp(—pB(z1 — z2)?), exp(—f|z1 — z2|), Bx1 + (1 — B)z2

Binary :': Input 1 Input 2 Unary1 | : | Unary2 Binary | | Input1

Core unit N-1 Core unitN Core unit N+1



Policy Gradients

Update the policy directly to
maximise the expected long
term rewards !

g = E; [V og my(ay | S¢) Ay
Ap =64 (YA) 01 + -+ -+ - XA T oy,
where d0; =14 + YV (st41) — V(s¢)

Leads to destructively  agentioss function
large policy update !



Trust Region Methods
/ Surrogate function

ma,xiemize OF

subject to

Constraint based on the the
size of the policy update



Clipped Surrogate

LCLIP(@)

- mwo(at | st) fit-

_’n—eold (a’t ‘ St)

::t Tt (H)At .

A

clip(r¢(0),1 —€,1 + €) Ay)

2 Pmin(m(@)fit, clip(r¢(0),1 —€,1+ C)At)-




Putting everything together

LYHPAVESS (9) = By [LEHP(0) — ea Ly (8) + c2S[me] (st))]

/

targ 2
(‘/O(St) — Vt ) Entropy Bonus to
increase exploration




Proximal Policy
Optimisation

Algorithm 1 PPP’O, Actor-Critic Style
for iteration=1,2,... do
for actor=1,2,....N do
Run policy mg_, in environment for 7" timesteps
Compute advantage estimates A,... Ap
end for
Optimize surrogate L wrt . with K epochs and minibatch size M < NT
Oo1d + 0




Results

Activation functions

3X

Negative result :(



Why did we fail ?

1. Didn’t train the model
enough

) B dWanted to
¥ [reproduce a
-#M\paper

We've trained
our model on

| 500 GPUs for
| / 3 2 weeks




Why did we fail ?

2. Local minima
and saddle points

smlmnxmamn
THEGLOBAL MINIMUM'™




Swish

X - sigmoid(x)

6




Training using swish

Using SGD
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Training using

Using RMSprop

W1
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Visualisation
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The future ?

IIHAVEHIGH/ACCURACY|




Hyperparameter search

_r -

got the right
yper-parameter

AutoML




Github link

bit.ly/saf git



http://bit.ly/saf_git

Thank you

Email : angmingliang4017ic@gmail.com

Facebook: Ang Ming Liang


mailto:angmingliang4017ic@gmail.com

