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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

Why do MCMC'’s for early universe cosmology? Why on the cluster?

How do parallelized MCMC’s work for these types of problems: some examples from past/
onhgoing work.

Utilizing subMIT with Emcee and built-in blobs feature to store observables to chains

Tips and wishes
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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

A frequent problem in (early universe) cosmology:

We have some model(s) for an early universe process (eg. inflation, supermassive seed
formation, baryogenesis etc) and some observational constraints.
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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

A frequent problem in (early universe) cosmology:

We have some model(s) for an early universe process (eg. inflation, supermassive seed
formation, baryogenesis etc) and some observational constraints.

The model(s) have some free parameters (p,) and predict some observables (@j)

The parameter space spanned by p.’s is large/complicated/curvy/>>1 dim

The question: For what (if any) values of p; does this model predict observables @j IN

compliance with the observation constraints?
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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

The question: For what (if any) values of p; does this model predict observables @j N
compliance with the observation constraints?
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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

The question: For what (if any) values of p; does this model predict observables @j N
compliance with the observation constraints?
Ultimate goals: Parameters vs Likelihood

1. Figure out the best fit regions of

parameter space by assigning a likelihood to each point _

(P -..p,) based on how well the predicted j
observables (O, ... O,) - h
match constraints (real observables) 0g L

P1
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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

The question: For what (if any) values of p; does this model predict observables @j N
compliance with the observation constraints?
Ultimate goals: Parameters vs Likelihood

1. Figure out the best fit regions of

parameter space by assigning a likelihood to each point _

(P -..p,) based on how well the predicted j
observables (0, ... 0,) - h
match constraints (real observables) 0g L

2.Figure out correlations between p;'s and between O’s
P1
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Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

Simplest approach is usually prohibitively slow/expensive: simply search a fine-grained grid over
the parameter space

MCMC uses a combination of Monte Carlo Sampler and Markov Chain

Monte Carlo Markov chain

Random sampling of posterior

Chain = sequential
distribution & throwing darts

Process with 1-step memory

This is highly inefficient in a

Propose step- accept if likelihood is
high-dim parameter space

better (and sometimes even if worse)

Sarah R. Geller MIT subMIT Workshop, Jan 23 2026




Ensemble MCMC Architecture: parallelization with many walkers

Emcee sampler uses an affine-invariant “stretch move” — naturally enables parallelization

Emcee uses a “worker/master” pattern: master level farms out walkers to workers (in subMIT we
have 48 workers per node)

Affine-stretch allows workers to remain independent but still proposes new positions based on
other walkers because they all communicate to master process.

~4 walkers/cores

Python multiprocessing.pool
MIT subMIT Workshop, Jan 23 2026
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Ensemble MCMC Architecture: parallelization with many walkers

multiprocessing e 1
amcee Initialize

# Create worker pool (48 processes) ‘l

Pool(processes=48) pool: Master process: +200 positions
sampler = emcee.EnsembleSampler (

nwalkers=200, # 200 walkers l'
ndim=4, # 4 parameters

log_prob_fn=log_posterior, # Our physics function Asynchronous distribution
pool=pool # Enable parallelization
) across 48 cores

RN

sampler.run_mcmc(initial pos, nsteps=10000)
Worker (aka core) computes logprob
and obs for all 4-5 walkers

VWY

Sync: accep’rreject x200

Step
MIT subMIT Workshop, Jan 23 2026
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Example: Burn-in phase for 200 walkers in 4D parameter space

Initialize

200 walkers by drawing
from

Gaussian ball

around hardcoded

init values

Markov chain induces correlations
Discard a burn in phase

SCIPP
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Walker Trajectories - Burn-In Phase (Step 20)
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Example: Burn-in phase for 200 walkers in 4D parameter space
MCMC Trace Plots
Initialize
200 walkers by drawing -2
from — _
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around hardcoded Bl Jo 00 %0 0 o0
init values 2.0 -
1.5 A ’
§ 1.0 A Amt | ‘ | "' ‘
0.5 - i o B o g o , " T PP et L e
Markov chain induces correlations — 1 — P o e
Discard a burn in phase 8- —— T T Tt s e
s agy IS - : ] Tn k=
S .
E) 1Q0 260 3(;0 460 50'0
200 A
100 +
2 o  ————le - cde i f vl u) e ‘ f
—100 A : :
—200 A : : : '. :
0 100 200 300 400 500
Step —
MIT subMIT Workshop, Jan 23 2026

SCIPP
Sarah R. Geller X




Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology
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Case 1: A 2-field inflation model for PBH dark matter with 4D parameter space

MCMC, 200 walkers each taking
10,000 steps through a 4-dim parameter

space (b, ¢}, ¢;, ¢y) ogoPret 0
: 29 40 60 80

=)

Planck 2018: gives constraints at CMB scales —4;' P

N, A, Qs, I -6} € X
-8} A

- | 10 N

Requiring that PBHs form give an il N.=50+5

additional (self-imposed) ol

constraints at smaller scales | T

Planck/CMB constraints

PBH constraints (USR) 4t pivot scale
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A 2-field inflation model for PBH dark matter with 4D parameter space

MCMC, 200 walkers each taking
10,000 steps through a 4-dim parameter

space (b, ¢, ¢, C4)
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A 2-field inflation model for PBH dark matter with 4D parameter space

MCMC, 200 walkers each taking
10,000 steps through a 4-dim parameter

space (b, ¢, ¢, C4)

sciPPliiRey
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Constraints from requiring PBH DM
and satisfying Planck 2018 data

Parameter Constraint

b —1.87(=1.73)T59 x 107*
c1 2.61(2.34)10%2 x 1074

C2 3.69(3.42)1022 x 107°
Ca 4.03(3.75)1022 x 1072
ns (k) 0.952 (0.956) 75 003
log(10° A,) 3.049 (3.048) 5007

N, 58.8 (60.0) 132
o(kx) —0.0012 (—O0. 0010)+8 0005
r(k.) 0.019 (0.016) 5003
b/cz —5.04(—5.05) 1022 x 1072
c1/cs 7.07(6.84)1052 x 1072
ca/ca 1.091(1.096) 5 0oa

Percent-level fine-tuning

MIT subMIT Workshop, Jan 23 2026




Markov Chain Monte Carlo (MCMC) for Early Universe Cosmology

MCMC, 200 walkers each taking
10,000 steps through a 4-dim parameter

space (b, ¢, ¢, C4)

log(1010A;)

l09P%, max

Allows us to extract which observables are
driving the physics, how observables are
correlated

T T T T T
T T T T L T T T T J\ T
~ v © S © & ® S g N
) s Q & & s Qgs & 09’6
o o o
a r

log(101%A,) l09Px, max N «

sciPPlRy
Sarah R. Geller A

A

: = .

-
v
4
N

MIT subMIT Workshop, Jan 23 2026




Case 2: Supermassive seeds from PBHs: JWST and p-Distortion constraints

7= (1) wn|-()
2=\ %) TP\ %

Model: supermassive seeds form from collapse of over-densities post-inflation

Instantiate the model by passing 3 parameters to the curvatuyre

power-spectrum LPp(k): A, ks, n 100

P R(k)
(-
o

SCIPP
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Shark-tooth (A=1e2, ns=4, kpeak=1e5)

10Y 102 104 10° 108
k [Mpc—?]
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Case 2: Supermassive seeds from PBHs: JWST and p-Distortion constraints

Observable data comes from LRD
(“Little Red Dot” - suspected high-redshift quasars)
number densities measured recently by

JWST combined with total u-distortion

11148-18404

constraints from the CMB.

We allow arbitrary amount of local-type
non-Gaussianity

Goal: map viable region of parameter space that reconciles JWST high-z SMBH population with
inflationary theory and show we can constrain with spectral distortions
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Blobs: Saving Observables in Case 2

In each MCMC evaluation Emcee saves the likelihood and parameters to the chain
But, to get the likelihood it must compute observables (expensive).
Usually if MCMC is parallelized these are lost because they can’t be saved (individual workers

have independent memory spaces so if observables can’t be passed back to master process they
can’t get written into the chain.
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Blobs: Saving Observables in Case 2

In each MCMC evaluation Emcee saves the likelihood and parameters to the chain
But, to get the likelihood it must compute observables (expensive).
Usually if MCMC is parallelized these are lost because they can’t be saved (individual workers

have independent memory spaces so if observables can’t be passed back to master process they
can’t get written into the chain.

With blobs: create another return object and passes it with log(prob) without adding overhead

Eliminates the need to redo all those calculations in post-processing!
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Implementation on subMIT

Personal subMIT project guide
Directory structure and implementation on subMIT | Connection & Authentication

Task Command

SSH to cluster ssh sgeller@submit-1.mit.edu

RO Ot : Exit cluster exit or Ctrl+D
- pipeline files (contain all the physics) 2 File Transier

2.1 Transfer from Local Machine to Cluster

- Mcmc files (wrap emcee and handle checkpointing) Tk r—

Copy single file TO cluster scp /path/to/local/file.py

- /CIUS ter sgeller@submit-1.mit.edu: " /spectral distortions/
Copy multiple files TO cluster scp filel.py file2.py sgeller@submit-1.mit.edu:”/spectral dis
Copy entire directory TO cluster  scp -r /path/to/local/dir

? : : ller@submit-1.mit.edu:~/
- SL URM S u b m I SS I O n S C rl ptS Copy file FROM cluster :i: szzlilelrzzubmi:il .:i:. edu: “/spectral distortions/file.py

/local/path/
| Copy results FROM cluster scp sgeller@submit-1.mit.edu:”/spectral distortions/*.h5
- res u tS ./results/

- OUtpUt hdS ﬁles With Chains 2.2 Specific Files for This Project

# Transfer all updated Python files to cluster
_/I Ogs cd "/Users/sarahgeller/MIT Dropbox/Sarah Geller/Ongoing Research, Projects/

spectral_distortions"

scp lrd_pipeline.py lrd_mcmc.py merged_pipeline.py mcmc_analysis.py \

- .out and .err log files containing checkpoints and error printing cluster atagiostic.y cluster diaguostic_standard 17

sgeller@submit-1.mit.edu:~/spectral_distortions/

3 Environment Setup on Cluster

Task Command
Request: 1 exclusive node (using nproc to detect cores Navigteto pojet dcary <6 /spocral dstarsions

List available modules module avail

Pe r n O d e ) Load Python module (if needed) module load python/3.9

Virtual Environment (venv)

Activate venv source ~/venv/bin/activate
Create new venv python3 -m venv ~/venv
Deactivate venv deactivate

2
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