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The Dream!




What is Continuous Learning?

Cooks savory pancakes

Can it gain expertise with
experience?

Learn new recipes

Robotic cook @ Bosch Amusement Park, Sasebo



Deep Learning Land Not viable for continuous learning

ImageNet Dataset What happens if
s = Massive amounts of
= structured, labelled

No access to large compute

cluster

e Task itself changes

Carefully constructed Neural Networ topology

==
=1
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Continuous Learning Landscape
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Interacting
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Accumulated
Rewards

This is Reinforcement Learning J Learn multiple tasks




Conventional RL: Challenges

Deep NNs used internally

I Manual hyperparameter tuning

Each update results in Backpropagation

I High compute requirement at every update

I High memory overhead

I Not scalable

Not viable for continuous learning
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* Neuro Evolutionary Algorithm
—Algorithm description




Neuro-Evolutionary (NE) Algorithm
Populationl/ ’ Fitness | |

‘ e
=Y 5@

Child Genomes

Reproduce next
generation
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Genome «—

Gene . : . :
Interaction Interaction Evolution Interaction
(Inference) (Inference) (Learning) (Inference)
( R
Neural Network (NN) expressed as a graph
. J

Gene: Vertex or Edge

~
Genome: Collection of all

; : [1] Stanley, K. O., & Miikkulainen, R. (2002). Evolving neural networks through

in the graph genes (I'e" d NN) augmenting topologies. Evolutionary computation, 10(2), 99-127.




Neuro-Evolutionary (NE) Algorithm

@ [ Genetic algorithm ]

e v
< Child Genomes -
/E Iﬁ;t?,,,,,,,/,i ] Create parent pool | propapility Probability
r A ‘ i i
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,,,,,,,,,, generation " | -
Fitness Genetic slgorttm Choose parents » Crossover » Mutation | eCieErEpie
Function No  Parent Genomes pOOI
Num
ffsprin -
vo <ofiserngs
Yes
,
Neural Network (NN) expressed as a graph NeuroEvolution of Augmented Topologies (NEAT) [1]
\ J
4 D
Gene: Vertex or Edge Genome: Collection of all
in the graph genes (i_e_, a NN) [1] Stanley, K. O., & Miikkulainen, R. (2002). Evolving neural networks through
\.

J augmenting topologies. Evolutionary computation, 10(2), 99-127.




Challenges with Genetic Algorithms!

Too much compute!

-

Can it converge in reasonable ti

déja vu! Looks like Deep
What about accuracy? nets in the 90s

Eyeriss FPGA

HW solutions enabled Deep Learning Can we do the same with EA?
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* Neuro Evolutionary Algorithm

— Characterizing NEAT




Characterization of NEAT

/
4 N /
/ Ran each environment till
NEAT - Python )/ convergence, multiple
/ Mountain car Bipedal times
g J /
Codebase /
=
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Only changed fitness
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Environments
\\ workloads
\ qda
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Characterization of NEAT

Computations
Distribution of Operations/Generation

i ) acrobot 020 — ai!‘raid_ram
1 Fofo o o Taggxemtg@;tness@ _ ) —— bipedal —— alien_ram

a A 5 c@@iﬁﬁﬂc s - 0.6 ioole VO - —— amidar_ram
e 0.8 op 9% 3) carpole_v 0 0.15
s o GCJ = |unar_lander GC)
- > >
B 0.6 o 0.4 o
< o D 0.10
= (= Yy—
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o g * Cartpole © Lunar Lander S 02 =
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- o Mountain Car X Asterix Ram Dq’:) &) 0.05

o ! I R
0 20 40 60 80 100 120 140 160 180 200 0.0
Generation 0 10 20 _ 000,05~ 210 215 220 225
Thousand ops per generati Thousand ops [r generation
. . Small workloads Large walkloads
Population level parallelism >20K 200K

All operations are independent

Gene level parallelism . _
Large operation level Parallelism

13




Operations in NEAT

Crossover Mutation
. Keys  _ Attributes L Keys  _ Attributes

| , I > Addition mutation
- Wt | En - wie 1B e Add new node

Parent 1 Gene e Add new connection

Original Gene

----» Wt

Perturbation

Deletion mutation
e Delete connection
e Delete node

- — — — — = — —— =

=

En

Child Gene Mutated Gene

Simple operations




Characterization of NEAT

y Distribution of Memory footprint/Generation
120000 * Air Raid Ram * Alien Ram = Asterix Ram Small workloads Large workloads
o CartpolevO0  © Lunar Lander ° MountainCar 0.175 0.05 I
118000 . acrobot — allrrald_ram
Q@ 116000 . 0.150 bipedal 004 — al|e.n_ram
C 114000 > cartpole_v0 > : e gmidar_ram
) 112000 § 0.125 = lunar_lander o
110000 |arge workloads g 0.100 5 0.03
108000 = Q
0 o
2 8000 E 0.075 = 0.02
© =
6000 o 2 0.050 o
é@@@sgeésggé Eoaod o 2
oo B gl% ¢
4000 FBheos g 0.025 0.01
Small workloaéog :
2000 o8
cosl 0.000
0.00
0 0 25 50 75 100 1 860 880 900 920 940
0 20 “GeneratioR’ 80 100 Memory in Kilo bytes Memory in Kilo bytes
125KB <1MVB

Entire population can fit on-chip

Only need to store the weights and node info




Characterization of NEAT

Memor o : :
Y Distribution of Memory footprint/Generation
Opportunity for Reuse Small workloads Large workloads
0.05 —
X Acrobot X Airrad ram X Alien RAM 0.175 == acrobot S alfrald_ram
X Cartpole v0 X Lunar Lander X Mountain Car 0.150 —— bipedal - a“e_n_ram
%0 0.04 == gmidar_ram
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» 80 c 0.125 2
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o X $ 0.100 g0
=) = =
3 2 0075 2 Lo
- © R
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‘g,-; 0.025 /\/\ 0.01
hd
= 0.000
(e

0 25 50 75 100 1 00g60 ™ 880 900 920 940
Memory in Kilo bytes Memory in Kilo bytes

<1MB

Generation 125KB

Fittest parent genome is used pbout ~10-20 times . . . .
each generation Entire population can fit on-chip

Even higher in certain cases . .
Only need to store the weights and node info




Motivating Hardware Solution

Massive parallelism mmmm) Scalability ) Faster
. . convergence

Gene and
Population level
. parallelism )

More
Power efficiency mmmm) deployable mmm) Target bclomplex
ropiems
Simple HW compute i
friendly operations
Hardware-Software codesign of NE makes them

viable for continuous learning
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GeneSys SoC

Interacting
agent

Updates

Interacting agent @

Learning
agent

n Environment Instances

Genome: Neural Network
Gene: Node or Connection
Reward [n] Population Size = n

6 GeneSys SoC

Reward [1]

N

Evolution Engine (EVE)

Tiny Core Mutation and Crossover Probability

Rowara o Fitness |- . # # # # # #

o
_[ Genome to NN ] 9

Topology

T Gene Selector

Y J

Fitness|[1]

N\ N\

or Genome[1] Fitness[1]

Modules (ADAM)

genomes

Genome[n] Fitn;-::és[n] Fitné.és[n]

Genome 1 Genome 2 Genome 3
Fitness 1 Fitness 2 Fitness 3

Finessn

Genome 4
Fitness 4

Learning agent

GeneSys



Evolution Engine: EVE Microarchitecture

Large number of PE to exploit parallelism

Inference
Engine
Child Parent Reward
Genomes Genomes

D p—

________

Rewards .
Learning

agent e o EVOIUtiOn Engine (EVE)

Updates




PE Microarchitecture

4 stage pipeline

__PRNG | Config : e+ One child per PE
Genomd Inferepce - e
Memory Engine ) Random utation

Crossover and L numbers Crozr;gver * One child gene
Child A Parent ) ’ Perturbation Probabilites
Genomes|  Genomes A Module < ™ processed per cycle
[Gene mergeJ [ Gene split HSeIection] ! * Node ID
A Y ‘ < regs
( Interconnect ) I Delete Gene Mutation
%VT %VT %VT %VT %VT VT' Module :," -
(Pe] (Pe) [PE] (PE] [PE] - F@ l
(oo ‘1 ' —
\PRNG | T . Add Gene Mutation |
{Config ). Module =
Evolution Engine (EVE) t
) ﬁ T Processing
Genome: Neural Network Parent 2 v Element (PE)
Gene: Node or Connection Parent 1 CGe€ne Child
Population Size = n Gene Gene

Details of pipeline
stages in the paper




Inference Engine: ADAM Microarchitecture

‘ Input vector buffer
Generaltc-:t_intial / ) g_ ________ -l E NetWOrkS generated
o Gritd Genomes i i by NEAT are irregular
____________ [ 2 s | e 1
: ; 1 | ; (thus sparse)

population fitness

N ' Vo = n-a-n-u-—a . < imil
g Q?P?ra_t'_":"_' __________ ' -~ i |
oot awiin ] Y g Sl Inference is similar to

Vo PermiGeomes " N N graph processing

Yes /’/ :V v v \4
} O~~~

Fitness
Function

____________________________________

Systolic array ‘

Vectorize |1 | Pack input vectors for

Output vector buffer

i dense compute

Interacting Rewards

agent

Exploit Population Level
Parallelism

Updates
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e Evaluations



Implementation

GeneSys Parameters
Tech node 15nm
Num EVE PE 256
Num ADAM PE 1024

EVE Area 0.89 mMmm?2

ADAM Area 0.25 mm?2 B EuE area mSRAM area B ADAM area MO ar:
GeneSys Area [2.45 mm?2 35

Power 947.5 mW

Frequency 200 MHz Eli

Voltage 1.0V < I I I I I I I
SRAM banks |48 ”

o

2 4 8 16 32 64 128 256 512

SRAM depth 4096 Number of EVE PE




Evaluations

Legend Inference Evolution Platform

CPU a Serial Serial 6th gen 17

CPU_b PLP Serial 6th gen 17

GPU _a BSP PLP Nvidia GTX 1080
GPU_b BSP + PLP PLP Nvidia GTX 1080
CPU c Serial Serial ARM Cortex AS57
CpPU_d PLP Serial ARM Cortex AS7
GPU_c BSP PLP Nvidia Tegra
GPU_d BSP + PLP PLP Nvidia Tegra
GENESYS PLP PLP + GLP GENESYS

PLP (GLP) - Population (Gene) Level Parallelism
BSP - Bulk Synchronous Parallelism (GPU)



Evaluations: Energy
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Evolution per generation Inference per generation



Evaluations: Runtime
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Conclusions Thank You!

eeeeeeeeee Robust, Scalable and Energy
S efficient solutions needed for
continuous learning

e Look beyond DL and RL

Fitness

O— N

NEs offer promise _
Change fitness function 1 Parallelism HW friendly

sssssssssssssssssss GeneSys
100x — 100000x energy efficiency
s and performance

: ° -‘éf: + + + (:
T

- Enables Al solutions for a large
Fitness gamut of problems
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Conclusions Thank You!

GGGGGG Robust, Scalable and Energy
efficient solutions needed for
continuous learning

e e Look beyond DL and RL

Fitness
NEs offer promise
Parallelism HW friendly
o e, GeneSys
T ,,‘-,"v,,‘,}fl.ln';ir;(.q:,‘&’pk . .
ﬁ/ﬁ“‘“ﬂ" g 100x — 100000x energy efficiency
lﬂ!rw and performance
200 l)f-= :
M :
A I I | Enables Al solutions for a large

Fitness gamut of problems




Deep Learning Landscape

— POPULAR
— SCIENCE

- WANT MORE?

SCIENCE TECH DIY GOODS VIDEO

ROLL THE DICE SUBSCRIBE

DE8ra
@ e

TECHNOLOGY

There are two kinds of AI, and the
difference is important

Most of today's Al is designed to solve specific problems =

De0ed

=
wa
L/

e ] -
LEEEE] . L=

f S =i Eji;}\:
‘ 5 “’\". '[I || l
g 4 .18 1,04
: ey gyl
R L cluster
Tijonfagglggl gl gy wa J1_
TR LI+
Convolution

Othe

CarefuII constructéd to O|O Al and deep learning have been subject to a huge amount of hype. In a new paper,

ﬂ Gary Marcus argues there's been an “irrational exuberance” around deep learning I



— POPULAR
— SCIENCE

« WANT MORE?

SCIENCE TECH DIY GOODS VIDEO ROLL THE DICE

SUBSCRIBE

TECHNOLOGY

There are two kinds of AI, and the
difference is important

fic problems

Wise up, deep learning may never
create a general purpose Al

Al and deep learning have been subject to a huge amount of hype. In a new paper,
Gary Marcus argues there's been an “irrational exuberance” around deep learning



The next step

What happens when...

Large compute resources are not available?

No labelled dataset? Should/be Qﬂ@%gyeﬂfﬁ .

The problem changes with time?

Output: Action <‘ R
[ m\}
Interpreter
o Shouldbe robdst
Environment o, LN [ Stat \m
g " Engine e =

-

ent

EVE: Evolution Engine GPU/ Agent
(this work) ASIC/

rraa  Reinforcement learning

Reinforcement Learning Input: Environment state




Reinforcement Learning for Topology Generation
Key Points

« Uses a Q learning agent to learn the optimal

DESIGNING NEURAL NETWORK ARCHITECTURES
USING REINFORCEMENT LEARNING

policies
?/IOW?H Baker, Otkrist Gupta, Nikhil Naik & Ramesh Raskar ° States are dlfferent Convolutlon |ayer typesl and
edia Laboratory . . .

Massachusetts Institute of Technology pO||Cy Is the task Of Se|eCtIng next |ayer

Cambridge MA 02139, USA . . .

{bowen, otkrist, naik, raskar}emit.edu « Child topologies are trained for a few epochs
before inference is performed to get reward
values.

i h [ A ent Learns )
Agent Samples Conv Train Network g
Network Topology Topology: From Memory
c C(64,5,1)
i E: C(128,3,1)
SM(10) _
Pool & _ Performance:
Store in 93.3% Sample Update
W | Replay Memory Memory Q-Values
\ i L N J \ J

A _




Conventional RL: Challenges

« Deep neural networks estimate the environment

— Deep Q network (DQN): Generates Q values
— Policy gradient: Predicts policies

« Each update results in a backpropagation
— Lots of compute, lot of hyper parameter tuning

— Lots of gradient calculation Not Scalable
— Store activations or recalculate Huge memory footprint




Evaluations

m Jetson CPU M Laptop CPU ® EVE Jetson GPU m Desktop GPU

70000 Comparison points
g 60000 1) Intel i7- 6t gen
£ >0000 2) ARM cortex A57 on nVidia Jetson TX-2
z :gggg | 3) nVidia GTX 1080 — Pascal
S 4) nVidia Tegra on Jetson TX-2 - Pascal
20000 I I I
10000
e 11 11 | !

Post synthesis on 15nm PDK for EVE

Airraid RAM Alien RAM Asterix RAM

Cartpole VO Lu ander Mountain Car

0.00421
— 0.004205 I=
€ c
S oo 5 Orders of de diff
>. o rders of magnitude difference
£ 0.004195 o 5
5 0.00419 I I I I
0.004185 0

Airraid RAM Alien RAM Asterix RAM Cartpole VO Lunar Mountain

Lander Car



Terminology

Neural Network expressed as a graph

Gene Data structure representing a vertex (node) or an
edge (connection) in the graph

Connection | srcNode | DestNode | Weight Enable

Node Node ID | Activation Bias Enable




Operations in NEAT

Crossover
5 Keys 5 Attributes ¥
Src Node | Dest Node | Weight Enable

Parent 1 Gene

Keys

Attributes

¢
Ll i

Src Node

Dest Node

Weight

Enable

Parent 2 Gene

Src Node

Dest Node

Weight

Enable

Child Gene




Terminology

Genome Collection of genes representing the entire neural network
10
——a
Qg -
1 3 -1 Yes ‘

2 3 20 Yes

Each genome represents one neural network




Evolution of Neural Networks

START

\/
Generate Initial

Population (N)

_____________Jy_ ————————————

_____ » Configurable
Paramaters

Probability Probability

r\ .

Crossove

| Evaluate
. | Population Fitness

L popul{ Choose par

[ ey —— p—

Add to offspring
pool

__________________________

Interaction With
environment

Interaction with environmentl
/

—————————————————————————

Reproduce next | !

Fitness generation J Genetic algorithm

function e NEAT T




Outline

e Evaluations

— Results



Operations in NEAT

Addition mutation
Add new node

Keys Attributes * Break an existing connection and insert node

¢ a

> * Creates 3 new genes and replaces one existing
Src Node | Dest Node Weight Enable

Mutation

A

Add new connection
Gene e Select valid source and destination and create

‘,} . new gene with default weight
Weight [ Perturbation

Deletion mutation

Delete connection
* Similar to disabling weight but entry is

Mutated Gene obliterated

v

Src Node | Dest Node Weight Enable

Delete node
* Should also delete dependent connections



Interconnect
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