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Overview

1. Computational Science
A Milkyway@Home
A DNA@Home

2. A Case for Asynchronous Computing

3. Asynchronous Optimization
A Evolutionary Algorithms
A Asynchronous EAs
A Simulation
A Verification

4, Questions?
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Motivation

Scientists need easily accessible distributed optimization tools

Distribution is essential for scientific computing
A Scientific models are becoming increasingly complex

A Rates of data acquisition are far exceeding increases in
computing power

Traditional optimization strategies not well suited to large scale
computing
A Enable optimization on faulty, heterogeneous and massively
distributed systems
A Verify results from hosts that are potentially malicious with

minimal overhead
; ® Rensselaer
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Astro-Informatics

What Are the Structure and
Origins of the Milky Way

7z Galaxy?
‘.M

A SLOAN digital sky survey has collected over 10 TB data that

A Ar)e observed from inside the Milky Way (the only galaxy for which we can do
S0).

A Enable determination of Milky Way structtirenot possible for other galaxies.

A Are very expensive to proces®valuating a single model of the Mi_lgy Way

with a single set of parameters can take hours or days on a typicaigh
computer.

A Models determine where different star streams are in the Milky Way, which
helps us understand better its structure and how it was formed.
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The éégittarius Dwarf Tidal Stream

AThe Sagittarius Dwarf Galaxy is "
merging with the Milky Way ~ CENTER OF LN

A The dwarf is being tidally disrupted o Disks OF MK R
by the Mil ky Way, o

Image (below): David Martinez-Delgado (MPIA) & Gabriel Perez (IAC)

SAGITTARIUS DWARF GALAXY

Image (above): [lbata et al. 1997, AJ]

Mapping the Tidal Stream will provide:

Alnformation on matter (including
dark matter) distribution in Milky
Way

AConstraints on Galactic Halo

i,

oy )
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The Milky Way

Halo

/ Thin Disk

Bulge
Thick Disk

~30 kiloparsecs (100,000 light-years)

Data Wedge

Sagittarius Dwarf Galaxy

Tidal Stream/
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N-Body Simulation
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Lambda_Orphan

Density of stars can be simulated with
N-body simulations, and fitness to
real data can be optimized to
determine Orphan Stream progenitor
parameters (mass, size, evolution

time)
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Combuting Environment: Milkyway @home

BOINC
Einstein@home,
SETI@home, etc

>58,000users; 96,000 CPUs:;
600 teams: from 114 countries;

The largest BOINC
computati on

About 2 Petaflops, most of

them from GPU processors

Donate your idle computer
time to help perform our
calculations.

9h PPAM, Torun, Poland, September 13, 2011
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! ! @ : ar 8 http:/ fmilkyway.cs.rpi.edufmilkyway

ar ® MilkyWay@home

MilkyWay@home

About MilkyWay@home

Milkyway@home is a research project that uses Internet-connected
computers to do research in modeling and determining the evolution of the
Milkyway galaxy. You can participate by downloading and running a free
program on your computer,

Milkyway@home is based at the Rensselaer Computer Science Department.

This particular project is being developed to better understand the power
of volunteer computer resources.

I0S: Internet Operating System

GMLE: Distributed Generic Likelihood Evaluation

Worldwide Computing Labratory

eScience paper on Distribued and Generic Maximum Likelihood
Evalution

*
*
-
-

Join MilkyWway@home

+ Read our rules and policies

+ This project uses BOINC. If you're already running BOINC, select
Attach to Project. If not, download BOINC.

+ When prompted, enter http://milkyway.cs.rpi.edu/milkyway/

+ If you're running a command-line or pre-5.0 version of BOINC, create
an account first.

+ If vou have any problems, get help here.

Returning participants

+ Your account - view stats, modify preferences
+ Teams - create or join a team

+ Add-ons

+ Applications

Community

+ Participant profiles
* Message boards

Project totals and leader boards

* Top participants
¢ Top computers
+ Top teams

*

iOther statistics:

8

S
&

User of the day

Jim Baize .
IYm here. Joined this project on

News

October 17, 2007 Temporary Server [ssues

We're in a bit of a dry spell right now as fz
we haven't had much time to work on this
difficulties with the server. The server was
reboot. We do have our genetic search im
code over to our BOINC server soon, so 1
search up this week.

Cctober 7, 2007 Version 1.06: MilkyWay@hc
I just released version 1.06 of the applicat
working on windows, it also correctly hanc
resume it later. The only platform that has
everyone should be able to get some cred
should be working on some real problems

COctober 4, 2007 Project Definition

I just wanted to let everyone know that w
and he has posted what exactly our proje
board. I'll try to prod them into making a w
page, but at least for now you can check t

Cctober 3, 2007 Major Updates

I've got all the error and warning message
software to the server also. In addition I 2
compute some stuff for us now. I've fixed 1
time should be much better for the applica
application; something to do with BOINC t
100%. In response to some of the reques’
it out. You should be able to attatch to the
http:/fmilkyway.cs.rpi.edu/ or http://milkyv
in the next week or two, which means I'll |
minutes. Those workunits were only mean
we should be good to go!

Mrtnhar 2 2007 Tha Fanime ara Waorkina

® Rensselaer



http://milkyway.cs.rpi.edu/

" User Participation

Users do more than volunteer computing
resources (Citizenodos Sci e

. Open-source code gives users access to the
MilkyWay @Home application

- Users have submitted many bug reports, fixes, and
performance enhancements

. A user even created an ATl GPU capable version of
the MilkyWay@Home application

- Forums provide opportunities for users to learn about
astronomy and computer science

2
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New: Application just started: DNA@Home

A Find protein binding sites using
Gibbs sampling

A Use random walks (Markov chains)
which result in sites distributed
according to their actual probability

of being the correct binding site

groove ..
A Initial sequences:
A Mycobacterium tuberculosis
A Yersinia pestis (cause of the
groove Bubonic plague)

.

| .| - e > G
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What is a Binding Site?

Alberts Johnson, Lewis, Raff, Roberts, & Walter, Molecular Biology of the Cell 4th Edition, 2002

NEGATIVE REGULATION POSITIVE REGULATION

(A) bound repressor protein prevents transcription (8 bound activator protein promotes transcription

bound activator Rt‘A e e

bound repressor protein.,

/

; i

protein . .

& GENE OFF _ ’ é: (_-A‘ w—  GENEON _

/-\ \\v) l
F\ oo,
' 4 AR el
ADDITION OF LIGAND “ ’ protein

mRNA

H N BY
REMOVING REPRESSOR ADDITION OF LIGAND
PROTEIN SWITCHES GENE OFF

BY REMOVING ACTIVATOR
PROTEIN

* GENE OFF _ g é:( @\\ — GENE ON _
: : : = \ =

[ ———
5 3
REMOVAL OF LIGAND inactive repressor '

SWITCHES GENE ON protein
E‘E(P%Esksdg(\;g‘gnorgm REMOVAL OF LIGAND

SWITCHES GENE OFF BY

REMOVING ACTIVATOR

PROTEIN

Binding sites are sequences of DNA before a gene that proteins bind to.
Di fferent proteins will cause t hi

2
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Finding Binding Sites

12345678530, .. — ... 1234567B50. ..

0T GETGETATTAC BCACGHEAGTTATEDGE & cardvisiae
GeTOGETGOTATCRSG TOGOGEAGGTATASGE 8 neradoyms
GGLCTGETGTTATTTLG GULGOGETGTTATALGA 8 mikange
AACCGETGTTATTACR . GOGCGEAGTTATAARG 5 kudricwevii
AGRCGETSTTATGEIR . BCCCGEAGSTATGEOGE S |'|:.;| ST

A Biology is messy -- binding sites are not
exact sequences.
A Multiple species with the same genes will
have similar binding sites.
AWe need to find émotifsd
best probability of matching sequences of
DNA across species.

LTI
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Objective - Regulatory Circuits

HowardAshby,Materna Brown, Tu, Oliveri, Cameron, & Davidsorev Biol, 2006

Endomesoderm Specification to 30 Hours

LiC1—GsK-3—zded

éx Mat cf! Maternal Inputs [Mat G-cadherin|

= Mat Notch| {Mat SoxB1| [Mat Otx]
Nud, oMB-TCF JECNS e B xB1| [Mat Otx|
| r-’ JECNS 50y Nucl.
} et b e R e
#h nts 1
la 1b unkn mes/end rep GSK-SH#—MEI—EE— Joip)
Blimp1 /Krox i3 2 nB-TCF —
Ubiq  Ubiq m,iq—ﬂ_IT'_l o unkn vegetal activ Wnt§
Pmarl R of mic : SU(H) SoxB1 U‘Ilq Ir
P Iy Tl e—
} Ubigq - & Hnf 6 la 1b a O
Ubia ™3y ﬂ' R PSS ¢ 5. Blimp1 /Krox 4
| niir7 Oved  Uba g ¢ }
Hof 6 e Delta - Sk
unkn mes activ j
R of mic q |
Ubig Nl Q I ‘'Bra  FoxA Gatak:
4 Nrl
el R~ I
* TBr Gem unkn mes activ ~————l i Sy
' .~ Ubiq Hox11/13b |
Ets1 4 || Ubla y I- GataC (oral) f"—."w :
=ty 1| aa Wi . Lt L Gt
_',u y B Delta ! e Krl  Bml/2/4 FoxB
Dri Snail L1 : N
R | e —— = [, Ls
o bt HAE ? — Il Bra
— "= ~  Alxl Gcm (abo) | | y WG 2 NS o Ny
" 2 [ 4
Gsc FoxB i VEGFR j RO VEGF  Eve Hox11/13b Do
" Nm
i s | Veg1 Endo
== _*","*:E"" e
Arlie Lel ¢ Ty Tr 7 P
sm27 ||| | Sm50 Msp130 Msp-L .__f . - ——r A——r _r i l_.r
' - 1 SuTx CAPK Dpt Pks  OrCT Kakapo OrCT | Kakapo
el Il pll o B F Dyl
Sm30 G-cadherin Ficolin CyP FvMol,2,3 Decorin Apobec Gelsolin Apobec  Gelsolin Endol6
Ubig=ubiquitous; Mat = maternal; activ = activator; rep = repressor,; Copyright © 2001-2006 Hamid Bolouri and Eric Davidson

unkn = unknown; Nucl. = nuclearization; x = B-catenin source;
nB-TCF = nuclearized b-B-catenin-Tcf1; ES = early signal;
CNS = early (ytotljsml( nuclearization system; Zyg. N. = zygotic to((h =

Turning a gene on calises new protéins to be produced,
what binding sites will that activate?
Turning a gene off stops production of proteins, which

other binding sites will that activate? Rensselaer




- Gibbs Sampling

Gibbs Sampling is a variant of Markov Chain Monte-
Carlo (MCMCQC).

It performs random walks where every step must
satisfy:
y Pfi*Ri,j =Pj*Rj,?;

where Pi is the probability of state i being a solution,
and Pj is the probability of state | being a solution.

Rij and R;; are transition probabilities, the probability
that the state will move from state i to state j and j to |,
respectively.

2
9t PPAM, Torun, Poland, September 13, 2011 R,ensselaer




Gibbs Sampling on BOINC

o Walkl Walk2 Walk3 Walk4

% DNA@Home uses

i parallel Gibbs sampling
walks.

= .

- 4 leaves, 5 joins Arrows represent

5 workunits or tasks,

a] where hosts receive ar
initial state with deptlx,
Sx and report a final
state with deptly, Sy.

% Workunits have fixed

f__ﬁ walk lengths (in this

0 case 1). When a walk

= 3 leaves completes its burn

f= period, samples are

?El 4 rejjoins taken.

G Processors can join an

n leave, restarting from
walks of previously left

Processors.

TN
Processor1l Processor2 Processor3 Processor4 Processor5 RBDSSGlaer




DNA@Home Statistics

Total number of hosts (last months)

1,880 |-
0 oNAa@Home
1,680 |-
1,450
0
W
¥ 1,250 |-
B
3
£ 1,080 |-
3
=
850
B850
450
5
*z?p ﬁf@ *‘55\
Qp = .a\d‘
boincstats.com

AAtfter 3 months of limited operation, over 1,800 hosts have participated in

DNA@Home. _ _
ADNA@Home application is available for 32 and 64 bit versions of Linux, OS X and

Windows.

AA burn-in of 1,000,000 steps and 30,000,000 samples on an average CPU for the
Mycobacterium tuberculosis data set takes ~2,893 days.

AFor 3,000 parallel walks using a burn-in period of 1,000,000 steps, it takes ~7 days
for DNA@Home to accumulate 30,000,000 samples -- a ~400x speedup.

2
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A Case for Asynchronous Computing

A Architectures are becoming heterogeneous
(CPUs, GPUs)

A As hosts/cores increase, so does the chance
of errors/failures

A New algorithms need to be efficient, scalable
and reliable

A Asynchronous Computing -- minimize
synchronization/dependencies between
computing hosts

2
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Evolutionary Algorithms

Problem:
A For a given function:
f(p]-’ P2, ... pn) =7

A How can we find p = p1, p2, ... pn such that f is maximized (or
minimized)?

Methods:

A Genetic Search: based on evolution, new populations are
generated by selection, mutation and recombination
(reproduction).

A Particle Swarm Optimization: individuals or particlesd s wa r |
around the search space, being attracted to the best particle
position and their own previously best found position.

A Differential Evolution:i ndi vi dual s 6evol vebd
with other individuals and the differentials between other
individuals.

2
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Traditional Optimization Strategies

Traditional continuous optimization strategies are
evolutionary, imitating biology.

Populations of potential solutions evolve through
recombination.

Individual-based Evolution: Population-based Evolution:
A Differential Evolution A Genetic Search

A Particle Swarm
Optimization

GO
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ISsues With Traditional Optimization

Traditional global optimization techniques are dependent
and iterative

ACurrent population (or individual) is used to generate the next
population (or individual)

Dependencies and iterations limit scalability and impact
performance
AWith volatile hosts, what if an individual in the next generation is lost?
ARedundancy is expensive
AScalability limited by population size

G
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Problems with Iterations

AThe iteration always has to wait for the slowest
fitness evaluations before you can proceed to the next
generation.

AFailures are worse, since then the iteration needs to
be resent and recalculated before the optimization can
proceed.

AResponse to failures can cause a lot of idle time.

Al oad balancing can help but it is never perfect, and
doesnd6t handle failures.

2
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Twao Distribution Strategies

Asynchronous evaluations Single parallel evaluation

» Results may not be » Always uses most evolved
reported or reported late population
»+ NoO processor » Can use traditional
dependencies methods
A Faults can be ignored A Faults require recalculation
A Grids require load
balancing

A Grids & Clouds & Internet A Supercomputers & Grids

LTI
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Asynchronous Optimization Strategy

Use an asynchronous methodology
ANo dependencies on unknown results
ANo iterations

Continuously updated population
AN individuals are generated randomly for the initial population

AFulfill work requests by applying recombination operators to the
population

AUpdate population with reported results

G
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Genetic Search Example

1. Set bounds: -5 to 5 for all parameters
2. Create initial population

population

-4, -2, 0

-1, 0

1 1 |
AN O
w
N

2 ® Rensselaer




Genetic Search Example

3. Calculate fithess for each individual

population fitness
-4, -2,0 20

2, -1, 0 5

-2, 4, -5 45
-5, 2, -2 33

2, 3, -3 22

2, -3, 2 17
-5, 0, 4 41
3,01 10

2, 4, 1 21
L2 = ® Rensselaer




Genetic Search Example

4. Sort the population (only for GS)

population fitness
2, -1, 0 5
3,01 10

2, -3, 2 17
-4, -2, 0 20

2, 4, 1 21

2, 3 -3 22
-5, 2, -2 33
-5, 0, 4 41
-2,4, -5 45
SR ° ® Rensselaer




Genetic Search Example

5. Generate new population via heuristics.
GS uses Selection, Mutation, Recombination

population fitness
2, -1, 0 5
3,01 10

2, -3, 2 17
-4, -2, 0 20

2, 4, 1 21

2, 3 -3 22
-5, 2, -2 33
-5, 0, 4 41
-2,4, -5 45
SR ° ® Rensselaer




Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 — 2, -1, 0
3,01 10 f— 3, 0, 1

2, -3, 2 17

-4, -2, 0 20

2, 4, 1 21

2, 3 -3 22

-5, 2, -2 33

-5, 0, 4 41

-2,4, -5 45

SR ° ® Rensselaer
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Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 2, -1, 0
3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20

2, 4, 1 21

2, 3 -3 22

-5, 2, -2 33

-5, 0, 4 41

-2,4, -5 45

- - - G
L = ® Rensselaer




Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 2, -1, 0
3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21

2, 3 -3 22

-5, 2, -2 33

-5, 0, 4 41

-2,4, -5 45

- - - LTI
L = ® Rensselaer
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Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 2, -1, 0
3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21 \-1, -2, 0

2, 3 -3 22

-5, 2, -2 33

-5, 0, 4 41

-2, 4, -5 45

- - - T
L = ® Rensselaer
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Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 2, -1, 0
3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21 -1, -2,0

2, 3 -3 22 -15, -050
-5, 2, -2 33

-5, 0, 4 41

-2,4, -5 45

SR ° ® Rensselaer
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Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 2, -1, 0
3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21 -1, -2,0

2, 3 -3 22 -15, -050
-5, 2, -2 33 2,15,05
-5, 0, 4 41

-2,4, -5 45

L2 = ® Rensselaer
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~ Genetic Search Example

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population
2, -1, 0 5 2, -1, 0
3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21 -1, -2,0

2, 3 -3 22 -15, -050
-5, 2, -2 33 2,15,0.5
-5, 0, 4 41 -15,0,25
-2,4, -5 45

L2 = ® Rensselaer
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~ Genetic Search Example

L

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population

2, -1, 0 5 2, -1, 0

3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21 -1, -2,0

2, 3 -3 22 < -15, -050
-5, 2, -2 33 2,15,0.5
-5, 0, 4 41 -15,0,25
-2, 4 -5 45 2,1, -15
L2 = ® Rensselaer
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" Genetic Search Example

€

5. Generate new population via heuristics
GS uses Selection, Mutation, Recombination

population fitness new population

2, -1, 0 5 2, -1, 0

3,01 10 3,01

2, -3, 2 17 2, 4, -3
-4, -2, 0 20 1, -1, 0

2, 4, 1 21 -1, -2,0

2, 3 -3 22 -15, -050
-5, 2, -2 33 2,15,0.5
-5, 0, 4 41 -15,0,25
-2, 4 -5 45 2,1, -15
-4, -2, -5 45 - 15, 3,
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Genetic Search Example

6. Go to step 3 using the new population

new population

2, -1, 0

3,01

2, 4, -3

1, -1, 0

-1, -2, 0

-15, -05,0

2,15,05

-15,0,25

2,1, -15

15,3, -05 ® Rensselaer




Genetic Search Example

3. Calculate fithess for each individual

new population fitness
2, -1, 0 5
3,01 10
2, 4, -3 29
1, -1, 0 2
-1, -2, 0 5
-15, -050 2.5
2,1.5,05 6.5
-15,0,25 8.5
2,1, -15 7.25
-1.5, 3, -0.5 115 {@ Rensselaer




4. Sort the population

5. Generate new population... and so on

Genetic Search Example

new population fitness
1, -1, 0 2
-15, -050 2.5
2, -1, 0 5
-1, -2, 0 5
2,1.5,05 6.5
2,1, -15 7.25
-15,0,25 8.5
3,01 10
-1.5, 3, -0.5 115
2, 4, -3 29

TN
{ 4
et ;,i

Rensselaer




4. Sort the population

Genetic Search Example

5. Generate new population... and so on

new population fitness
1, -1, 0 2
-15, -050 2.5
2, -1, 0 5
-1, -2, 0 5
2,1.5,05 6.5
2,1, -15 7.25
-15,0,25 8.5
3,01 10
-1.5, 3, -0.5 115
2, 4, -3 29

After one iteration the
population has already
Improved quite a bit

®) Rensselaer




Prdblems with Iterations/Generations

A popular parallel computing strategy is to the divide fitness
evaluations among worker processors.

worker 1

population

fitness

1, -1, 0

1, -1, 0

-15, -05,0

-15, -05,0

2, -1, 0

worker 2

-1, -2, 0

1, -1, 0

2,15,05

—
Q

-15, -05,0

worker 3

1, -1, 0

?

9h PPAM, Torun, Poland, September 13, 2011
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Prdblems with lterations

Already we have a problem:

What 1 f we canodot divide the po
S
worker 1
1, -1, 0 ?
population fithess /
-15, -05,0 ?
1, -1, 0 ?

2. -1, 0 2 worker 2

-1, -2, 0 ? Q’)l, -1, 0 ?

2,15,05 ? -15, -05,0 ?
Idle
worker 3
1, -1, 0 ?

»
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PrObIems with lterations

What if a host fails?

worker 1

1,

?
population fitness

1, -1, 0 ? /—1.5,-1’-;)/%) \?

-1.5, -0.5,0 B

2, -1, 0 2 worker 2

-1, -2, 0 ? Q’)l, -1, 0 ?

2,15,05 ? -15, -05,0 ?
Idle
worker 3
1, -1, 0 ?

»
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Prdblems with lterations

What if the fitness evaluation time is non-deterministic?
What if the processors are heterogeneous?

worker 1 (fast)

: ; 1, -1, 0 ?
population fitness
-15, -05,0 ?
1, -1, 0 ?
-15, -05,0 ?
2. -1, 0 2 worker 2 (slow)

-1, -2, 0 ? Q’)l, -1, 0 ?

2,15,05 ? -15, -05,0 ?
Idle
worker 3
1, -1, 0 ?

»
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Asynchronous Optimization Strategy

new |nd|V|duaI in
[Rego{é ssiliedss | el e ey
Fitness (1) Individual (1) . N\ | Unevaluated Individual (1)
Fitness (2) Individual (2) ‘E]g Ieﬁgp aﬁet%tsgerné?ate new |Unevaluated Individual (2)
. %
(. e )
Generate individuals when|
gqueue 1s low >
S )
Fitness (n) Individual (n) Unevaluated Individual (n)

2
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Asynchronous Optimization Example

1. Generate a random initial population by sending out
random parameter sets and waiting for the result
2. Insert initial results in-order

population

2, -1, 0 5
3,0 1 10
2, -3, 2 17
-4, -2,0 20
2, 4,1 21
2, 3, 3 22
-5, 2, 2 33
-5, 0, 4 41
-2, 4, 5 45
42 5 | ® Rensselaer




Asynchronous Optimization Example

If a worker requests work, create a new individual using
mutation or recombination (for GS).

(_QNork Request )_ worker 1

-3.5, 2, -0.5 ?

— If the population is not full,
>(ec°m i) generate a new random

individual.

population

2, -1, 0 5
3,01 10
2, -3, 2 17
-4, -2, 0 20
2,4, 1 21
2, 3, -3 22
-5, 2, 2 33
-5, 0,4 41
-2, 4, -5 45
-4, -2, -5 45

®) Rensselaer




Asynchronous Optimization Example

If a worker requests work, create a new individual using
mutation or recombination (for GS).

population worker 1

T~

- - 3.5, 2, -0.5 ?
2 -10 > @Vork Request
) 01 1 10
worker 2

-3, 2 17

-2, 0 20
4, 1 21
3, -3 22
2, -2 33
0, 4 41
4 -

Recombination)

-05, -1, -2 ?

L I IR R R R R | 1
Bl arnNDdERT N

v) Rensselaer




Asynchronous Optimization Example

If a worker requests work, create a new individual using
mutation or recombination (for GS).

population —
2, i 1’ O 5 - 351 21 = 05 r)
31 01 1 10
worker 2
2, -3, 2 17 @Vork Request
-05, -1, -2 ?
-4, -2, 0 20
e e worker 3
2, 3, -3 22 525 -
-5, 2, -2 33 /
-5,0, 4 41
Mutation )
-2, 4 -5 45
-4, -2 5 45 =
@) Rensselaer




Asynchronous Optimization Example

When a worker completes calculating the fitness and reports
the result, insert it into the population

population worker £
- -3.5, 2, -0.5 ?

2, -1, 0 S (Report Result
3,0 1 10

worker 2
2, -3, 2 17

- 05, - 11 - 2 525
-4, -2,0 20
2.4 1 21 worker 3
2,8 -3 22 LR :
-5, 2, 2 33
-5, 0, 4 41
-2, 4, 5 45
_4, -2, -5 45 )

@) Rensselaer




Asynchronous Optimization Example

Perform an in-order insert and remove the worst member of
the population

population worker 1

2, -1, 0 5 -35, 2, -05 ?

31 01 1 10

Insert worker 2
2, -3, 2 17
-05, -1, -2 5.25

-4, -2, 0 20

2, 4,1 21 worker 3

2, 3, -3 22 -52,5 ?
-5, 2, 2 33
-5, 0, 4 41
-2, 4, 5 45
-4, -2, -5 45 (_@emove ) i@g Rﬁ
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Asynchronous Optimization Example

Selection is done by keeping a fixed size population and only

Inserting results that improve it

worker 1

-3.5, 2,

-0.5

worker 2

?

worker 3

-5,2,5

population

2, -1, 0 5
-05, -1, - 5.25
3,0 1 10
2, -3, 2 17
-4, -2, 0 20
2,4, 1 21
2, 3, 22
-5, 2, 33
-5,0, 4 41
-2, 4, 45

v) Rensselaer




Asynchronous Optimization Example

If a worker fails or leaves we can continue the optimization
without stopping

\, /
population worker 1
2, -1, 0 5 - 3.5, 2, >< ?
-05, -1, -2 5.25 7 N\
3 0 1 W worker 2
? ?
2, -3, 2 17
-4 -2,0 20 worker 3
2, 4, 1 21 525 5
2, 3 -3 22
-5, 2, -2 33
-5,0, 4 41
-2, 4 5 45
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Asynchronous Optimization Example

Workers can join and leave at any time

population
2, -1, 0 5
-05, -1, -2 5.25

worker 2
3,01 10

? ?
2, -3, 2 17 @Vork Request)
-4, -2, 0 20 worker 3
2,4, 1 21 -5,2,5 ?
2, 3 -3 22
-5 2 -2 33 worker 4
= 0 2 2 Recombmatlon 2 0. 05 5
-2, 4 5 45 N

' 0
@) Rensselaer




Workers can join and leave at any time

(_(Work Request D_

\(M utation )

population

2, -1, 0 5
-05, -1, -2 5.25
3,0 1 10
2, -3, 2 17
-4, -2, 0 20
2,4, 1 21
2, 3, 22
-5, 2, 33
-5,0, 4 41
-2, 4, 45

Asynchronous Optimization Example

worker 5

2, -1,

-3 ?

worker 2

?

worker 3

-5,2,5

worker 4

2,0,

-0.5 ?

@ Rensselaer

O
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Asynchronous Optimization Example

If a reported result will not improve the population, simply
discard it (selection)

AN

@eport Result )

population

2, -1, 0 5
-05, -1, -2 5.25
3,0 1 10
2, -3, 2 17
-4, -2, 0 20
2,4, 1 21
2, 3, 22
-5, 2, 33
-5,0, 4 41
-2, 4, 45

worker 5

2, -1,

-3

worker 2

?

worker 3

-5,2,5

54

worker 4

2,0,

-0.5

?

CEE
{ )
S

Rensselaer
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Asynchronous Optimization Example

If a reported result will not improve the population, simply
discard it (selection)

AN

@iscard Result)

population

2, -1, 0 5
-05, -1, -2 5.25
3,0 1 10
2, -3, 2 17
-4, -2, 0 20
2,4, 1 21
2, 3, 22
-5, 2, 33
-5,0, 4 41
-2, 4, 45

worker 5

2, -1,

-3

worker 2

?

worker 3

?

worker 4

2,0,

-0.5

?

CEE
{ )
S

Rensselaer




Asynchronous Optimization Example

Fast workers do not need to wait for slow workers and the
search can continue to progress without them

population

2, -1, 0 5
-05, -1, -2 5.25
3,0 1 10
2, -3, 2 17
-4, -2, 0 20
2,4, 1 21
2, 3, 22
-5, 2, 33
-5,0, 4 41
-2, 4, 45

Work Request

N

/ worker 4

Recombination)

worker 5
21 . 11 = 3 r)
worker 2
? ?
worker 3
0, 1.5, -25 ?
2,0, -0.5 ?

O
- -.“,.

@ Rensselaer




Asynchronous Optimization Example

Fast workers do not need to wait for slow workers and the
search can continue to progress without them

population worker 5
2, -1, 0 5 2, -1, -3 ?
-05 -1, -2 5.25
3 0 1 10 Report Result worker 2
? ?
2, -3, 2 17 \
-4, -2, 0 20 worker 3
2, 4,1 21 0,15, -25 8.5
2, 3 -3 22
-5 2 -2 33 worker 4
-5. 0 4 41 2,0, -05 ?
=t =2 B @ Rensselaer
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Asynchronous Optimization Example

Fast workers do not need to wait for slow workers and the
search can continue to progress without them

population worker 5
2, -1, 0 5 2, -1, -3 ?
-05, -1, -2 5.25

worker 2
0, 1.5, -25 8.5

? ?
3,0 1 10 Insert Result{
2, -3, 2 17 worker 3
4 2,0 20 2 "
2,4, 1 21
2, 3, -3 22 worker 4
5, 2, ) 33 2,0, -0.5 ?
5 0, 4 41 iéﬁg

Rensselaer




Asynchronous Optimization

A Asynchronous optimization works in theory, but
does it scale?

A How does it compare to an iterative approach?

LTI
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Asynchronous Simulation Architecture

i

repor

ove.result
mrlln mum

e

ort resulﬁs and
te popu

ation

Genera deI regort
|n 0 he

Im ialize Iﬂeap

WI resu
ual to numbe

OFWOrkers

(Re uest nﬁw work fow
wdugf)

&

Unevaluated Individual (1)

Unevaluated Individual (2)

Fitness (1) Individual (1)
Fitness (2) Individual (2)
Fitness (n) Individual (n)

Generate individuals whe
—>‘ gueue 1s low

ﬂ-z

9h PPAM, Torun, Poland, September 13, 2011
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Simulating Homogeneous Environments

A Traditional EA population size has to match number
of processors.

A Asynchronous EAs can use a fixed population size
(100).

A Use a fixed report time of 1, so all work is requested
and sent out simultaneously.

LTI
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Simulating Homogeneous Environments

Sphere - Synchronous Searches Sphere - Asynchronous Searches

A
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Simulating Homogeneous Environments

Griewank - Synchronous Searches Griewank - Asynchronous Searches
100000 100000
e Ao
_ 10000 -/ — _ 10000
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8 1000 O= © e O 2 1000
2 8
_g 100 E 100
B <
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10 10
1 1
o pgs 100 1000 10000 100000 100 1000 10000 o AGS 100000
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Simulating MilkyWay @Home

Sphere - Evaluations to Solution Sphere - Time to Solution N A B
1,000,000 10,000,000 i~
-
c
=]
s c
= 100,000 ¢ 1,000,000
3 5
2 a0 3
g -
=
B 10,000 E 100000
T < AGS = < AGS
& 0 APSO 3 APSO
ADE/best ADE/best
© ADE/random <O ADE/random
1,000 10,000
100 1000 10000 100000 100 1000 10000 100000
Simulated Workers Simulated Workers
Ackley - Evaluations to Solution Ackley - Time to Solution
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Simulating MilkyWay @Home

Griewank - Evaluations to Solution Griewank - Time to Solution b
1,000,000 100,000,000 Y
< AGS
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2 3 1,000,000
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§ E < AGS
= [ Al
& 100000 5 APSO
ADE/best
< ADE/random
10,000
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BOINC vs. BlueGene

Asunchronous Genetic Search Convergence Rate
Average Best Member of 5 Searches

IGS — Bluegene

AGS {(average) — Bluegene

AGS {(double shot) — Bluegene

AGS {(double shot) — BOINC

GS (simplex: n=4, 11=—1.5, 12=1.5) — BlueGene
AGS (simplex: n=4, 11=-1.5, 12=1.5) — BOINC

1111

Fithess

1 1

2.98 * :
O 5000 10000 15000 20000 25000

Evaluations Done
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BOINC vs. BlueGene

Asunchronous Genetic Search Convergence Rate
Average Best Member of 5 Searches

IGS - Bluégene
AGS {(average) — Bluegene
AGS {(double shot) — Bluegene

1111

3.1 AGS {(double shot) — BOINC
GS (simplex: n=4, 11=—1.5, 12=1.5) — BlueGene
AGS {(simplex: n=4, 11=—1.5, 12=1.5) — BOINC
3.08 1 3
lterative GS on BlueGeng

Fithess

1 1

2.98 * :
O 5000 10000 15000 20000 25000

Evaluations Done
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BOINC vs. BlueGene

Asunchronous Genetic Search Convergence Rate
Average Best Member of 5 Searches

3.12 Y
IGS — Bluegene ———
AGS {(average) — Bluegene ———
AGS {(double shot) — Bluegene ——

3.1 AGS {(double shot) — BOINC — |1
GS (simplex: n=4, 11=—1.5, 12=1.5) — BlueGene .
AGS (simplex: n=4, 11=—-1.5, 12=1.5) — BOINC —

3.08 :

3.06

hronous GS on Blue

Fithess

2.98 1 1 1 1
O 5000 10000 15000 20000 25000

Evaluations Done

LTI
1 Fitness evaluation was distributed over all 1000 cerasly one Worke Rensselaer
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BOINC vs. BlueGene

Asunchronous Genetic Search Convergence Rate
Average Best Member of 5 Searches

3.12 ;
IGS — Bluegene ———
AGS (average) — Bluegene ———
AGS {(double shot) — Bluegene ——
3.1 AGS {(double shot) — BOINC — |1
GS (simplex: n=4, 11=—1.5, 12=1.5) — BlueGene .
AGS {(simplex: n=4, 11=—-1.5, 12=1.5) — BOINC —
3.08
9 3.06
0]
<
+
L 3.04
o Asynchronous GS on BlueGeére
3 -
2.98 1 1 1 1

0 5000 10000 15000 20000 25000
Evaluations Done

. . - .
b Gners e vaton s dstriayieg;over all 1000 coresly one worker()) Repisselaer
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BOINC vs. BlueGene

Asunchronous Genetic Search Convergence Rate
Average Best Member of 5 Searches

IGS — Bluegene

AGS {(average) — Bluegene

AGS {(double shot) — Bluegene

AGS {(double shot) — BOINC

GS (simplex: n=4, 11=—1.5, 12=1.5) — BlueGene
AGS (simplex: n=4, 11=-1.5, 12=1.5) — BOINC

1111

Fithess

1 1

2.98 * :
O 5000 10000 15000 20000 25000

Evaluations Done

1 With approximately 5,000 workers Rensselaer




Results

A Asynchronous optimization is fault tolerant by
design.

A Asynchronous optimization also scales where
traditional methods fail.

A Asynchronous optimization can also be faster than
traditional iterative searches.
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Handling Malicious Results with Verification

A BOINC verifies every work unit

A Only results that will be inserted into the population
need to be verified

A Partial Verification:
I Ignorefalse-negati ves (results that
I Verify results which potentially improve the search

LTI
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Handling Malicious Results with Verification

nsert result if it could

Fitness (1) Individual (1) improve population

Fitness (2) Individual (2)

Fitness (n) Individual (n) \Rfor#fg
I

—

ook verlied ey,
INT0 thie popl?la ion

) ?ﬁezcﬁﬂgdr{%\r/iwgﬁlgr? t Unevaluated Individual (1)
_ Unevaluated Individual (2)
Fitness (1) Individual (1) _
Fitness (2) Individual (2)
Fitness (n) Individual (n) Unevaluated Individual (n)
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A Pessimistic Validation:
Aassume reported results are invalid
AOnIy generate new potential work from validated results

A Optimistic Validation:
Aassume reported results are valid

AGenerate new potential work from best found results, even if
not yet validated

Alf a best found result is found Invalid, revert it to a previously
validated result
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Fitness (1)
Fitness (2)

Individual (1)
Individual (2)

Fitness (n) Individual (n)

emove verifie .resultfh
r?m gueue a]n insert the
Into the population

v

BYa )
Fitness (1) Individual (1)
Fitness (2) Individual (2)
Fitness (n) Individual (n)
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nsert result if it could

Fitness (1) Individual (1) mprove population

Fitness (2) Individual (2)

Fitness (n) Individual (n)

—

l?erﬁlr;[é' rglgrﬂlatlon Eeﬁ‘lvﬁ Op(iil?\aduals O\' dc?v?ll:rggle\: uals

opula ion It Invalid Bt ventication rate

Unevaluated Individual (1)
Unevaluated Individual (2
)N ILM @)
Fitness (1) Individual (1)
: — F Iuat
Fit 2 I | (2
itness (2) ndividual (2) in r['\élratia? wauallg
%f verification rate)
Fitness (n) Individual (n) Unevaluated Individual (n)
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Compared pessimistic validation to optimistic
validation for particle swarm optimization and DE

Varied the rate at which new work was generated for
validation instead of optimization from 0.1to 0.4

Results are the average best found position from 5
searches.
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Particle Swarm - Optimistic Validation

-3.16500 -3.16500
— opt v0.1 = opt v0.2 opt v0.3 - optv0.4

-3.16875 P — -3.16875
[7y] [7y]
n n
@ @
= =
(I (I
© ©
@ @
B -3.17250 B -3.17250
ke ke
© ©
> >
k7 k7
[¢H] [¢H]
m m

-3.17625 L ] -3.17625

]
-3.18000 ¥ -3.18000
5000 30000 55000 80000 105000 130000 155000 180000
Individuals Reported
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Particle Swarm - Pessimistic Validation

= pesv0.1 - pesv0.2 pes v0.3 - pesv0Dd

5000 30000 55000 80000 105000 130000 155000 180000
Individuals Reported

Rensselaer




A Optimistic validation outperformed pessimistic
validation:

I Expected, less than 1% of reported results are found to be
Invalid

A Optimistic validation performed better with higher
validation rates:

I Not expected, intuition is that as every newly generated
particle is pulled towards the global best position, if this is
faulty (and faulty results tend to have better fitness) then it
throws off the whole search until it is fixed
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Valaidation of Differential Evolution - Results

— optv0.ib — optv0.2b optv03b — optv0.4
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