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Scale and Digital Evolution

a
cCcCc
¢ & AT
e ) c
e L e
-9 ‘ x
o} ~—4 a®@c ¢
C- a ©
c} bz c
c ; c
c% S%w c
c /e e c
c a Cec®
) g
;}‘ ',c‘=
¢ B Ce
©c) LYY Y'Wﬁc
Ccccc®

Avida
(Ofria and Wilke, 2009)

E{ morenoma@umich.edu



Evolution Models in vivo and in silico

experimental evolution:
n>1, experimental manipulations

LTEE

(Good et al., 2017)
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Evolution Models in vivo and in silico

LTEE

(Good et al., 2017)

Avida
(Ofria and Wilke, 2009)

experimental evolution:
n>1, experimental manipulations

simulation and modeling:
synthesize theory, test sufficiency
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Evolution Models in vivo and in silico

LTEE Avida
(Good et al., 2017) (Ofria and Wilke, 2009)
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Grace Hopper
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The Library of Congress via Wikimedia Commons
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“next-generation”
high-performance computing
(especially Al/ML)
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NVIDIAA100 GPU
6,912 CUDA cores
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Graphcore IPU

1,200 cores per chip
clustered up to 1,024
chips
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Cerebras
Wafer-Scale
Engine

Graphcore IPU

1,200 cores per chip
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Cerebras Wafer-Scale Engine
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_ only ~48kb
Cerebras Wafer-Scale Engine mem per core
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Mapping Evolution Simulations onto WSE
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Mapping Evolution Simulations onto WSE
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Mapping Evolution Simulations onto WSE
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GraphCore IPU — another Al/ML accelerator

1,200 cores per chip
clustered up to 1,024 chips
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(a) Graphcore IPU architecture and device
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Part 1:
Decentralized Approximate
Phylogeny Tracking

Part 2:
Cerebras SDK Workflow on
Wafer-Scale Cloud




Goal: develop and apply methods to
harness next-generation
high-performance computing hardware
to enable larger agent-based evolution
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Part 1:

Hypermutator Dynamics Experiments
on the Wafer-scale Engine

Part 2:

Decentralized Phylogeny Tracking
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Part |:
Decentralized Approximate
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Cerebras Wafer-Scale Engine

48kb
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Cerebras Wafer-Scale Engine

phylogeny -
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What is a phylogeny and what can




What is a phylogeny and what can it tell you?

Simulation Phylogeny Data:

1.

2.

history of evolutionary
events

insight into evolutionary
dynamics

“ground truth” data to
test/develop bioinformatics
tools
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What is a phylogeny and what can it tell you?
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What is a phylogeny and what can it tell you?

Lineages diverged
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What is a phylogeny and what can it tell you?

“fossil tips”

.......
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Asexual Phylogeny
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Asexual Phylogeny 2
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Sexual vs asexual phylogenies
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Sexual vs asexual phylogenies
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Sexual vs asexual phylogenies
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What is a phylogeny and what can it tell you?

recent selective sweep

long term coexistence

U.S. Navy, Public domain

Wikimedia Commons n
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Perfect Tracking:
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(Nozoe et al, 2017)



Perfect Tracking:
Complete Observability

! g

CARQLINA

mnnulmn B @

100 min 200 min

300 min

(Nozoe et al, 2017)



Costs of Perfect Tracking

- Memory, Storage, &

Bandwidth
- e.g., 8PB vs 30GB

- Runtime Extinction
Tracking Costs
- Hardware Crashout &

Corruption
- perfect tracking is sensitive to
data loss
- at exascale, >1 node fail/hour




Highly-distributed,
Many-core Computation
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Hwang et al., 2019
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O= “hstrat” annotation
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O= “hstrat” annotation

- small (~96 bits)
- fast (< 500ns)
- tunably accurate
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“tilted”




This is the hard/interesting
part!!!
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data | |
stream Generalized Ring

Buffer (Gunther, 2014)

SEPTEMBER1S
202%




data |t |s generation
stream 79

o -
b g N
R -
S, ] 2
(TR, 2 » /A :@ EEn
03 g 5 oy L % /2 ‘ y - 3
N i Z o R -
N y AW - D) [ X
N »»’ ™ ;/k.-t, n W n "]
s L DLWy
g . D
7 s .“’\

data stofage



temporal coverage
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Generalized Ring Buffer (Gunther, 2014)
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hstrat Pipeline

1. raw sim
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hstrat Pipeline

1 billion tip
phylogeny

courtesy meat-machinery.com

Extend Trie B Postprocess
Collapse Unifs Il Other

Adaptive 2h53m
Regime
Purifying 3h13m
Regime
0 1 2 3 4

Total time (hours)



hstrat Pipeline

1. raw sim
“genome”
strings
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high-throughput phylogeny
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high-throughput phylogeny

generation (in vivo & in SI/ICO)
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L/u et al., 2024:

existing phylogeny analyses
and tools
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high-throughput phylogeny
generation (in vivo & in silico)

e | b

contemporary
analyses

1
- use more v
e phylogenies

use larger v
h phylogenies




DataFrame tools for big phylogeny data
https://github.com/mmore500/phyloframe
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Part Il:
Cerebras SDK Workflow
on Wafer-Scale Cloud
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login node

compile &
submit job

https://github.com/mmore500/wse-async-ga
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CS-3

~8,750 generations / sec
1,250 memcpy layers kept from ~9,250 cycles

on-chip (~10 minutes)

worker node

run job (~25 minutes)

login node

compile &
submit job

https://github.com/mmore500/wse-async-ga
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CS-3

~8,750 generations / sec
1,250 memcpy layers kept from ~9,250 cycles

on-chip (~10 minutes)

worker node

copy 1G chunks
(~3/minute)

run job (~25 minutes)

login node

compile &
submit job

login node

postprocess
(memory-constrained)

https://github.com/mmore500/wse-async-ga
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CS-3

~8,750 generations / sec
1,250 memcpy layers kept from ~9,250 cycles

on-chip (~10 minutes)

worker node

copy 1G chunks

run job (~25 minutes)

login node

compile &
submit job

(~3/minute)
login node
~200MB/sec
postprocess
(memory-constrained) MSU HPCC

build billion-tip tree
~2.5 - 3.5 hours

https://github.com/mmore500/wse-async-ga
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~8,750 generations / sec
CS-3 1,250 memcpy layers kept from ~9,250 cycles

on-chip (~10 minutes)

copy 1G chunks

worker node

(~3/minute)
run job (~25 minutes)
login node login node
~200MB/sec
compile & postprqcess
submit job (memory-constrained) MSU HPCC

build billion-tip tree

~2.5-35h
https://github.com/mmore500/wse-async-ga ours
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Workflow Bottlenecks/Challenges

- limited memory available for postprocessing on login node
- constrained bandwidth for data egress from WSE job to login

node
-  WSE chip can’t be relinquished while copying data

- moderate bandwidth for data egress from login node to
home HPC
- SDK v1.4.0 container still runs Python3.8

- would love newer Python with Polars



Workflow Preliminary Results
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Parallel/distributed Scale-up: Interesting Trade-offs

- complete observability / sampling-based observability

- perfect reproducibility / automated, well-specified protocols

- machine independence / measurable machine influence

- “real-time” agent execution affects fitness

- experiments on PC / experiments require non-trivial infrastructure
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Parallel/distributed Scale-up: Interesting Trade-offs

- complete observability / sampling-based observability

Biological Richness and Realism

Abstracted Dynamics Natural Dynamics
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these slides: hopth.ru/qg

Questions?

We have a very bad tendency to base our plans for computers on the
equipment we have in house and the things we’re doing now. And totally
fail to review them in the light of the equipment that will be available and

5 |l | the things that we will be doing — I think the saddest phrase | ever hear

in a computer installation is that horrible one "but we’ve always done it
that way." That’s a forbidden phrase in my office.

Capt. Grace Hopper

Future Possibilities: Data, Hardware, Software, and People — August 26, 1982


http://hopth.ru/gg
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~ 8 million agents

Example Phylogenies ~ 10k tip phylogenies

a) purifying regime b) adaptive regime

E< morenoma@umich.edu
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Phylogeny Structure Metrics
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Goal: end-to-end encapsulated workflow

1. raw sim
“genome”
strings

§§§§§§
S

4. phylogeny

3. build tree
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courtesy meat-machinery.com
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NeXt Steps Callens et al., 2023

more sophisticated
fitness landscape
models

- well-mixed ABM on
GPU

- analyze time to
fixation in model
vs. theory
expectation

- Ccreate
mathematical
model for de novo
selection curves

- connect to data
from Callens et al
or LTEE?

osmotic pressure antibiotics
more adaptive loci fewer adaptive loci
more hypermutators fewer hypermutators

Q: how many beneficial muts per strain?
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Tagged, Event-driven Programming Model

Task

fn doTask(wav) {
intc=10;

Queue




[more about WSE programming model in
pocket slides]



GraphCore IPU — another Al/ML accelerator

- 1,200 cores
per chip

- clustered up to
1,024 chips
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Part 1: On-hardware Experiment



Scale and Digital Evolution

LTEE

(Good et al., 2017)

£ [these slides] https://hopth.ru/ea E< morenoma@umich.edu



Image credit: Credit: National Institute of Allergy and Infectious Diseases, National Institutes of Health
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Image credit: Credit: National Institute of Allergy and Infectious Diseases, National Institutes of Health

Scale and Digital Evolution
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== - both ~billion
replications/day
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LTEE Avida

(Good et al., 2017) (Ofria and Wilke, 2009)
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Scale and Digital Evolution
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LTEE Avida

(Good et al., 2017) (Ofria and Wilke, 2009)

= [these slides] https://hopth.ru/ea

- both ~Dbillion
replications/day

Cross-scale Phenomena:

- ecological communities
- multicellularity/major
transitions
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ALIEN Project
(Heinemann, 2024)

MFM/ULAM/T2 Tiles
(Ackley, 2023)
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Objective: Develop Methods to Harness Next
Generation Al/ML Hardware for Agent-based
Evolution Experiments
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Goal: develop methods to harness
next-generation high-performance
computing hardware to enable larger
agent-based evolution simulations

Il. phylogeny l. hypermutator
tracking dynamics
experiments

Develop ]
Algorithms and Technical _CP:)?]?LOI
Software for Proof-of- H othesiz—
Wafer-Scale Concept ypomne
Evolution Runs ,drlven
Experiments

Simulations



Part 1:
Hypermutator Dynamics Experiments
on the Wafer-scale Engine
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Hypermutator dynamics pertain to

- pathogen evolution

- antibiotic resistance
- tumor cell evolution
- efc.
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hypermutator selection — Raynes et al., 2018
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Cerebras Wafer-Scale Engine
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agent-based hypermutator selection — Raynes et al., 2018
model

hypermutator
100x mutation rate



hypermutator selection — Raynes et al., 2018




hypermutator selection — Raynes et al., 2018
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hypermutator selection — Raynes et al., 2018

hypermuts win

Generations
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Summary

- Under unlimited adaptive potential, large asexual
populations favor hypermutators (Raynes et al., 2018)
- Under restricted adaptive potential, normomutators
regain favor in very large populations
- This effect is amplified when hypermutators are
initially rare, with strong spatial structure



Next Steps

- more
sophisticated
fithess
landscape
models

- hypermutator
reversion

- connect to in
vivo data?



Next Steps

more
sophisticated
fithess
landscape
models
hypermutator
reversion
connect to in
vivo data?

Martjin Callens et al., 2023
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