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Motivation 

 

Scientists need easily accessible distributed optimization tools 

 

Distribution is essential for scientific computing 

ÅScientific models are becoming increasingly complex 

ÅRates of data acquisition are far exceeding increases in 

computing power 
 

Traditional optimization strategies not well suited to large scale 

computing 

ÅEnable optimization on faulty, heterogeneous and massively 

distributed systems 

Å Verify results from hosts that are potentially malicious with 

minimal overhead 
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 Astro-Informatics 

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

ÅAre observed from inside the Milky Way (the only galaxy for which we can do 
so). 

ÅEnable determination of Milky Way structure ï not possible for other galaxies. 
ÅAre very expensive to process ï evaluating a single model of the Milky Way 

with a single set of parameters can take hours or days on a typical high-end 
computer. 

 

Å Models determine where different star streams are in the Milky Way, which 
helps us understand better its structure and how it was formed.  

What Are the Structure and 

Origins of the Milky Way 

Galaxy? 
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The Sagittarius Dwarf Tidal Stream 

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

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

Å The Sagittarius Dwarf Galaxy is 
merging with the Milky Way  
Å  The dwarf is being tidally disrupted 
by the Milky Way, creating long ñtails.ò  

Å Information on matter (including 
dark matter) distribution in Milky 
Way 
Å Constraints on Galactic Halo 

Mapping the Tidal Stream will provide: 
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The Milky Way 

Halo 

Bulge 

Thin Disk 

Thick Disk 

~30 kiloparsecs (100,000 light-years) 

Sun 

Sagittarius Dwarf Galaxy 

Tidal Stream 

Data Wedge 
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N-Body Simulation 

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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Computing Environment: Milkyway@home 

http://milkyway.cs.rpi.edu 

  

BOINC 

Einstein@home,  

  SETI@home, etc 

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

The largest BOINC 
computation (among 100ôs) 

About 2 Petaflops, most of 
them from GPU processors 

 

Donate your idle computer 
time to help perform our 
calculations.  
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User Participation 

Users do more than volunteer computing 

resources (Citizenôs Science): 

 

¸ 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 ATI GPU capable version of 

the MilkyWay@Home application 

¸ Forums provide opportunities for users to learn about 

astronomy and computer science 
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New Application just started: DNA@Home 

ÅFind protein binding sites using 
Gibbs sampling 

ÅUse random walks (Markov chains) 
which result in sites distributed 
according to their actual probability 
of being the correct binding site 

Å Initial sequences: 
Å Mycobacterium tuberculosis 
Å Yersinia pestis (cause of the 

Bubonic plague) 
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What is a Binding Site? 

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

Binding sites are sequences of DNA before a gene that proteins bind to. 
Different proteins will cause the gene to either óturn onô or óturn offô. 
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Finding Binding Sites 

ÅBiology is messy -- binding sites are not 

exact sequences. 

ÅMultiple species with the same genes will 

have similar binding sites. 

ÅWe need to find ómotifsô which have the 

best probability of matching sequences of 

DNA across species. 
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Objective - Regulatory Circuits 
Howard-Ashby, Materna, Brown, Tu, Oliveri, Cameron, & Davidson, Dev Biol, 2006 

Turning a gene on causes new proteins to be produced, 

what binding sites will that activate?  

Turning a gene off stops production of proteins, which 

other binding sites will that activate? 



Gibbs Sampling is a variant of Markov Chain Monte-

Carlo (MCMC). 

 

It performs random walks where every step must 

satisfy: 
 
 

where Pi is the probability of state i being a solution, 

and Pj is the probability of state j being a solution.  

Ri,j and Rj,i are transition probabilities, the probability 

that the state will move from state i to state j and j to i, 

respectively. 

Gibbs Sampling 
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DNA@Home uses 
parallel Gibbs sampling 
walks. 
 
Arrows represent 
workunits, or tasks, 
where hosts receive an 
initial state with depth x, 
Sx, and report a final 
state with depth y, Sy. 
 
Workunits have fixed 
walk lengths (in this 
case 1). When a walk 
completes its burn-in 
period, samples are 
taken. 
 
Processors can join and 
leave, restarting from 
walks of previously left 
processors. 

Gibbs Sampling on BOINC 
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ÅAfter 3 months of limited operation, over 1,800 hosts have participated in 
DNA@Home. 
ÅDNA@Home application is available for 32 and 64 bit versions of Linux, OS X and 

Windows. 
 
ÅA 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. 
ÅFor 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. 

DNA@Home Statistics 
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ÅArchitectures are becoming heterogeneous 

(CPUs, GPUs) 

ÅAs hosts/cores increase, so does the chance 

of errors/failures 

ÅNew algorithms need to be efficient, scalable 

and reliable 

ÅAsynchronous Computing -- minimize 

synchronization/dependencies between 

computing hosts 

 

A Case for Asynchronous Computing 
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Problem: 
Å For a given function: 

  f(p1, p2, ... pn) = ? 

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

 
Methods: 
Å Genetic Search: based on evolution, new populations are 

generated by selection, mutation and recombination 
(reproduction). 

Å Particle Swarm Optimization: individuals or particles óswarmô 
around the search space, being attracted to the best particle 
position and their own previously best found position. 

Å Differential Evolution: individuals óevolveô by recombination 
with other individuals and the differentials between other 
individuals. 

Evolutionary Algorithms 
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   Traditional Optimization Strategies 

Individual-based Evolution: 

Å  Differential Evolution 

Å  Particle Swarm 

Optimization 

19 

Population-based Evolution: 

Å  Genetic Search 

Traditional continuous optimization strategies are 

evolutionary, imitating biology. 

 

Populations of potential solutions evolve through 

recombination. 
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    Issues With Traditional Optimization 

 

Traditional global optimization techniques are dependent 

and iterative 

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

population (or individual) 

 

Dependencies and iterations limit scalability and impact 

performance 

ÅWith volatile hosts, what if an individual in the next generation is lost? 

ÅRedundancy is expensive 

ÅScalability limited by population size 
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Problems with Iterations 

Å The iteration always has to wait for the slowest 

fitness evaluations before you can proceed to the next 

generation. 

 

Å Failures are worse, since then the iteration needs to 

be resent and recalculated before the optimization can 

proceed. 

 

Å Response to failures can cause a lot of idle time. 

 

Å Load balancing can help but it is never perfect, and 

doesnôt handle failures. 
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Two Distribution Strategies 

Asynchronous evaluations 

Å Results may not be 

reported or reported late 

Å No processor 

dependencies 

 

ÅFaults can be ignored 
 

 

 

ÅGrids & Clouds & Internet 

Single parallel evaluation 

Å Always uses most evolved 
population 

Å Can use traditional 
methods 

 

ÅFaults require recalculation  

ÅGrids require load 
balancing 

 

ÅSupercomputers & Grids 
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     Asynchronous Optimization Strategy 

 

Use an asynchronous methodology 

ÅNo dependencies on unknown results 

ÅNo iterations 

 

Continuously updated population 

ÅN individuals are generated randomly for the initial population 

ÅFulfill work requests by applying recombination operators to the 

population 

ÅUpdate population with reported results 
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Genetic Search Example 

- 5,  2, - 2 

- 2,  4, - 5 

- 4, - 2,  0  

 2, - 1,  0  

 2,  3, - 3 

population  

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  

1. Set bounds: -5 to 5 for all parameters 

2. Create initial population 



- 5,  2, - 2 

- 2,  4, - 5 

- 4, - 2,  0  

 2, - 1,  0  

 2,  3, - 3 

population  

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  

3. Calculate fitness for each individual 
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Genetic Search Example 



- 5,  2, - 2 
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 2,  3, - 3 

population  

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  

4. Sort the population (only for GS) 
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Genetic Search Example 



- 5,  2, - 2 

- 2,  4, - 5 

- 4, - 2,  0  

 2, - 1,  0  

 2,  3, - 3 

population  

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  

5. Generate new population via heuristics. 

GS uses Selection, Mutation, Recombination 
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Genetic Search Example 
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 2,  3, - 3 
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 3,  0,  1  
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10 

17 
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 2, - 1,  0  

 3,  0,  1  

new population  

5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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 2, - 1,  0  
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5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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 3,  0,  1  
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 2,  4, - 3 

 1, - 1,  0  
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- 1.5, - 0.5, 0  

5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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- 1.5, - 0.5, 0  
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5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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 2,  4, - 3 
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- 1.5, - 0.5, 0  
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- 1.5, 0, 2.5  

5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 
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5. Generate new population via heuristics 

GS uses Selection, Mutation, Recombination 

Genetic Search Example 



6. Go to step 3 using the new population 

 2, - 1,  0  

 3,  0,  1  

new population  

 2,  4, - 3 

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

- 1.5, 0, 2.5  

 2, 1, - 1.5  

- 1.5, 3, - 0.5  

Genetic Search Example 



3. Calculate fitness for each individual 

6.5  

7.25  
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5 

2.5  
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10 

29 
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11.5  
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 2, - 1,  0  

 3,  0,  1  
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 2,  4, - 3 

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

- 1.5, 0, 2.5  

 2, 1, - 1.5  

- 1.5, 3, - 0.5  

Genetic Search Example 



4. Sort the population 

5. Generate new population... and so on 
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- 1.5, 3, - 0.5  

Genetic Search Example 



6.5  

7.25  
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5 

2.5  

fitness  

10 

29 

8.5  

11.5  
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 2, - 1,  0  

 3,  0,  1  

new population  

 2,  4, - 3 

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

- 1.5, 0, 2.5  

 2, 1, - 1.5  

- 1.5, 3, - 0.5  

After one iteration the 
population has already 
improved quite a bit 

4. Sort the population 

5. Generate new population... and so on 

Genetic Search Example 



Problems with Iterations/Generations 

? 

? 

? 

? 

fitness  

? 

 2, - 1,  0  

population  

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

A popular parallel computing strategy is to the divide fitness 

evaluations among worker processors. 

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 1  

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 2  

?  1, - 1,  0  

worker 3  
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Problems with Iterations 

? 

? 

? 

? 

fitness  

? 

 2, - 1,  0  

population  

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

Already we have a problem: 

What if we canôt divide the population evenly? 

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 1  

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 2  

?  1, - 1,  0  

worker 3  

busy 

busy 

busy Idle 
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Problems with Iterations 

? 

? 

? 

? 

fitness  

? 

 2, - 1,  0  

population  

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

What if a host fails? 

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 1  

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 2  

?  1, - 1,  0  

worker 3  

busy 

busy 

busy Idle 
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Problems with Iterations 

? 

? 

? 

? 

fitness  

? 

 2, - 1,  0  

population  

 1, - 1,  0  

- 1, - 2,  0  

- 1.5, - 0.5, 0  

 2, 1.5, 0.5  

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 2 (slow)  

?  1, - 1,  0  

worker 3  

busy 

busy 

busy Idle 

Idle 

? 

? 

 1, - 1,  0  

- 1.5, - 0.5, 0  

worker 1 (fast)  

What if the fitness evaluation time is non-deterministic? 

What if the processors are heterogeneous? 
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Asynchronous Optimization Strategy 

Population 

Fitness (1) 

Fitness (2) 

Fitness (n) 

. 

. 

. 

. 

. 

. 

. 

. 
 

Individual (1) 

Individual (2) 

Individual (n) 

. 

. 

. 

. 

. 

. 

. 

. 
 

Unevaluated Individuals 

Unevaluated Individual (1) 

Unevaluated Individual (2) 

Unevaluated Individual (n) 

. 

. 

. 

. 

. 

. 

. 

. 
 

Workers (Perform Fitness Evaluation) 

Report results and 
update population 

Request 
Work 

Send 
Work 

Generate individuals when 
queue is low 

Add new individual in 
order and remove 
worst individual 

Select parents from 
population to generate new 
individual 
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Asynchronous Optimization Example 

population  

1. Generate a random initial population by sending out 

random parameter sets and waiting for the result 

2. Insert initial results in-order 

- 5,  2, - 2 

- 2,  4, - 5 

- 4, - 2,  0  

 2, - 1,  0  

 2,  3, - 3 

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  
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17 

41 

45 

21 



population  worker 1  

- 3.5, 2, - 0.5  ? 

Work Request 

Recombination 

- 5,  2, - 2 

- 2,  4, - 5 

- 4, - 2,  0  

 2, - 1,  0  

 2,  3, - 3 

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  

33 

45 

20 

5 

22 

10 

17 

41 

45 

21 

If the population is not full, 
generate a new random 
individual. 

If a worker requests work, create a new individual using 

mutation or recombination (for GS). 

Asynchronous Optimization Example 



population  worker 1  

? 
Work Request 

worker 2  

- 0.5, - 1, - 2 ? 

Recombination 
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- 2,  4, - 5 

- 4, - 2,  0  

 2, - 1,  0  

 2,  3, - 3 

 3,  0,  1  

 2, - 3,  2  

- 5,  0,  4  

- 4, - 2, - 5 

 2,  4,  1  

33 

45 

20 

5 
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10 
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41 
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21 

- 3.5, 2, - 0.5  

Asynchronous Optimization Example 

If a worker requests work, create a new individual using 

mutation or recombination (for GS). 
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Asynchronous Optimization Example 

If a worker requests work, create a new individual using 

mutation or recombination (for GS). 
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Perform an in-order insert and remove the worst member of 

the population 

Remove 

Asynchronous Optimization Example 
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Selection is done by keeping a fixed size population and only 

inserting results that improve it 
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If a worker fails or leaves we can continue the optimization 

without stopping 
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Asynchronous Optimization Example 

Workers can join and leave at any time 
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If a reported result will not improve the population, simply 

discard it (selection) 
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Asynchronous Optimization Example 

If a reported result will not improve the population, simply 

discard it (selection) 
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Fast workers do not need to wait for slow workers and the 
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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 
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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 



ÅAsynchronous optimization works in theory, but 

does it scale? 

ÅHow does it compare to an iterative approach? 

Asynchronous Optimization 
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Asynchronous Simulation Architecture 
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Min Heap (Report Times) 

Remove result 
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time and 
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Initialize heap 
with results 
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ÅTraditional EA population size has to match number 

of processors. 

ÅAsynchronous EAs can use a fixed population size 

(100). 

 

ÅUse a fixed report time of 1, so all work is requested 

and sent out simultaneously. 

Simulating Homogeneous Environments 
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Simulating Homogeneous Environments 
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Simulating Homogeneous Environments 
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Simulating MilkyWay@Home 
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AGS didnôt work! 

ADE/best worked? 

Simulating MilkyWay@Home 
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BOINC vs. BlueGene 
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Iterative GS on BlueGene 

BOINC vs. BlueGene 
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Asynchronous GS on BlueGene1 

1 Fitness evaluation was distributed over all 1000 cores -- only one worker 

BOINC vs. BlueGene 



Asynchronous GS on BlueGene12 

1 Fitness evaluation was distributed over all 1000 cores -- only one worker 
2 Used better recombination heuristic 

BOINC vs. BlueGene 



Asynchronous GS on MilkyWay@Home1 

1 With approximately 5,000 workers 

BOINC vs. BlueGene 



ÅAsynchronous optimization is fault tolerant by 

design. 

ÅAsynchronous optimization also scales where 

traditional methods fail. 

ÅAsynchronous optimization can also be faster than 

traditional iterative searches. 

Results 
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ÅBOINC verifies every work unit  

 

ÅOnly results that will be inserted into the population 

need to be verified 

 

ÅPartial Verification: 

ïIgnore false-negatives (results that wonôt be inserted) 

ïVerify results which potentially improve the search 

Handling Malicious Results with Verification 
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Unevaluated Individuals 
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Validation Strategies 

ÅPessimistic Validation: 

Å Assume reported results are invalid 

Å Only generate new potential work from validated results 

 

ÅOptimistic Validation: 

Å Assume reported results are valid 

Å Generate new potential work from best found results, even if 

not yet validated 

Å If a best found result is found invalid, revert it to a previously 

validated result 
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Unevaluated Individuals 
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Unevaluated Individuals 

Unevaluated Individual (1) 

Unevaluated Individual (2) 

Unevaluated Individual (n) 

. 

. 

. 

. 

. 

. 

. 

. 
 

Workers 
(Fitness Evaluation) 

Insert Verified 
Individuals into 
Verified Population 

Request 
Work 

Send 
Work 

Validated Population 

Fitness (1) 

Fitness (2) 

Fitness (n) 

. 

. 

. 
 

Individual (1) 

Individual (2) 

Individual (n) 

. 

. 

. 
 

Unvalidated Population 

Fitness (1) 

Fitness (2) 

Fitness (n) 

. 

. 

. 
 

Individual (1) 

Individual (2) 

Individual (n) 

. 

. 

. 
 

Insert result if it could 
improve population 

Replace Individuals 
from Validated 
Population if Invalid 

Fill unevaluated 
individuals by 
resending individuals 
at verification rate 

Fill unevaluated 
individuals with newly 
generated individuals 
at 
(1 - verification rate) 

Optimistic Validation 

9th PPAM, Torun, Poland,  September  13, 2011 



79 

Validation of Particle 
Swarm and DE 

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 0.1 to 0.4 

 

Results are the average best found position from 5 

searches. 
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Validation of Particle 
Swarm - Results 

9th PPAM, Torun, Poland,  September  13, 2011 



81 

Validation of Particle 
Swarm - Conclusion 

ÅOptimistic validation outperformed pessimistic 

validation: 

ïExpected, less than 1% of reported results are found to be 

invalid 

 

ÅOptimistic validation performed better with higher 

validation rates: 

ïNot 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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      Validation of Differential Evolution - Results 
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