Differentiable Forward Modeling
the Connection Between Galaxies
and Dark Matter Halos

Andrew Hearin

Cosmological Physics and Advanced Computing Group
High Energy Physics Division
Argonne National Lab



Collaborators

A

Matt Becker Gillién |

ANL staff Beltz-Mohrmann
ANL postdoc

Alex Alarcon
ANL postdoc



Goal of ACDM Cosmology with low-redshift galaxy surveys

Starting from this... Predict this!
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Simulation-based predictions for large-scale structure

If the Universe had only dark matter, this
would be easy!

Gravity-only simulations are the bedrock of
LCDM predictions...but lots of additional
modeling is required to predict the galaxy
distribution




Classic tradeoff: physical realism vs computational efficiency

hydro simulation

Most computationally intensive
Greatest potential for realism
Challenging to even coarsely
tune free params

semi-analytic model

Computational compromise
Physically approximate but
rich/diverse predictions
Challenging to tune to
high-precision

empirical model

Computationally cheap
Parametrize scaling relations
rather than physics

Efficiency enables precision &
Bayesian posteriors



Formulation of traditional semi-analytic models

Physics assumptions formulated as Semi-analytic model

coupled ODE system regulating
exchange of mass/energy/momentum
between collection of reservoirs Accretion
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Formulation of traditional semi-analytic models

Semi-analytic model

e Physics assumptions formulated as
coupled ODE system regulating
exchange of mass/energy/momentum
between collection of reservoirs

e Fully deterministic: merger tree +
SAM = point-estimator for galaxy
properties
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Formulation of traditional semi-analytic models

Physics assumptions formulated as
coupled ODE system regulating
exchange of mass/energy/momentum
between collection of reservoirs

Fully deterministic: merger tree + SAM
= point-estimator for galaxy properties
Predict LSS = solve ODE system for
each individual simulated merger tree

Semi-analytic model
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Differentiable Approach to Galaxy-Halo Connection Multi-A

predictions
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Ground-up rewrite of semi-analytic models to be differentiable & probabilistic
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Inset image credit: Millennium XXL simulation, NASA, ESA, Yuuki Omori/Agora simulation



Differentiable Approach to Galaxy-Halo Connection Multi-A

predictions
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Every Diff+ model for individual galaxies/halos has a Diff+Pop version
that describes the PDF for the galaxy population.

Image credit: Yuuki Omori/Agora simulation



Differentiable Approach to Halo Mass Growth

Preprocessing step: replace main
progenitor of every simulated merger
tree with a differentiable approximation
Diffmah approximates M, (t) with ©,,, .

Upshot: Root simdata = high-res
N-body with analytic ©,  _for every halo
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https://arxiv.org/abs/2112.08423

Differentiable Approach to Galaxy Mass Growth

Root simdata: analytic ©, for every halo

Key idea
Seek parametric family of solutions to

galaxy formation ODEs as function of ©,__

Application to SFH

Diffstar: SFH approximation based
parametric model of SFR efficiency
More info in Alarcon+22
Upshot: SFH(t) parametrization ©,, based on
physical ingredients:

o main sequence efficiency

o gas consumption timescale

o quenching (and possible rejuvenation)

Diffstar approximation to SFH(t)

—— UniverseMachine
----- Diffstar
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https://arxiv.org/abs/2205.04273

Fully Probabilistic Formulation

Probabilistic Main Sequence
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Every Diff+ ingredient has a companion
DiffPop ingredient describing PDF
Star Formation History example:
o Diffstar describes SFH with O,
of individual galaxy in a halo
o DiffstarPop = Prob(O., [0,,,,) =
mapping of O, onto DM halos

Key idea
With individual DM halo ©,,,., you do
not have sufficient info for a point
estimator of the resident galaxy

Technical detail: requires propagation of
parametrized PDF of individual galaxies
through to population-level sumstats




Fully Probabilistic Formulation

Monte Carlo vs. weighted sampling L0 e Every Diff+ ingredient has a companion
MC realization DiffPop ingredient describing PDF
e DPDF-weighted grid |§ e Star Formation History example:

10.8 o Diffstar describes SFH with O,
of individual galaxy in a halo
. o DiffstarPop = Prob(O., [0,,,,) =
0.6 % mapping of O, onto DM halos
3
- 0.4 05 Key idea
?.-';,s,. With individual DM halo ©,,, .., you do
. not have sufficient info for a point
0.2 estimator of the resident galaxy

e Technical detail: requires propagation of

1 g4 parametrized PDF of individual galaxies
5 through to population-level sumstats




DiffstarPop: Probabilistic star formation histories
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Goal: use PDF of SFHs from other simulations to
validate flexibility of DiffstarPop model ol
Exercise: Simultaneously fit 2D PDF of =
Mstar-sSFR as a function of redshift and 210
present-day halo mass M, for UniverseMachine e
SFH(t) distributions Q11
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Result: Plot shows galaxy population at z=0.5
change as a function of M, -l
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DiffstarPop: Probabilistic star formation histories

Goal: use PDF of SFHs from other simulations
to validate flexibility of DiffstarPop model

Exercise: repeat for IllustrisTNG

Result: Plot shows initial guess of
UniverseMachine (green) and gradient descent
to TNG (red)

Analogous to real data analysis: start with prior
from simulations, then fit observations with same
functional form but allowing params to be free
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Differentiable Summary Statistics

Traditional technique (stochastic, non-differentiable*)
Paint a particular value of stellar mass onto each subhalo via Monte Carlo realization of a log-normal
Bin the randomly drawn stellar masses and use histogram as the prediction compared to data
Each synthetic galaxy contributes either 0 or 1 to each SMF bin
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https://arxiv.org/abs/2211.03852

Differentiable Summary Statistics
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Differentiable alternative

We don’t need a random number generator
to integrate a log-normal!
Can analytically integrate PDF for each
galaxy and for each bin
Histogram is now updated with weights
rather than 0 or 1
Each galaxy’s weight is differentiable
SMF is giant sum of differentiable weights
Gradient of SMF computed by summing
gradients of individual weights

o simplifies large-scale parallelization
See Hearin+21 for math + code


https://astro.theoj.org/article/32664-differentiable-predictions-for-large-scale-structure-with-shamnet

Differentiable Predictions for Clustering and Lensing

0 1 ow?

%Qo(\[)_ v : BY:

o, o, W,
—(AY(r,)) = — = AR '

", 0
By ——(ge()) = BY: —(DD/RR) Clustering

SMF

Everything in sight is C™!



Scaling up: domain decomposition of per-object gradients
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Domain Decomposition with thechopper
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Problem: sumstats w/ large sims =
massive memory overhead for autodiff
Solution: compute sumstat gradient as
sum of per-object gradients
Use TheChopper to decompose the
domain into buffered subvolumes
o Modeling proceeds unchanged
with each node generating
predictions on its own subvolume
o  Only need to communicate
summary statistics at the end
Pure python code is general purpose
and publicly available



https://github.com/ArgonneCPAC/thechopper

Differentiable Approach to SEDs/Photometry

Root simdata: analytic ©, _ for every halo
Params O, = parametric solution to
in-situ SFH of galaxy in each halo

Use Stellar Population Synthesis to
predict SED from SFH

SPS models include ingredients O for
dust, metallicity, etc.

Opan* Ospy + Ogps = SED

forward modeled SED

. g-band r-band 1-band | z-band
4000 5000 6000 7000 8000 9000
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Computational Advantages of Differentiable Approach

DSPS: JAX library for SPS calculations
Not an emulator: a JAX-based
reimplementation of FSPS

Inherit speed and GPU-acceleration
from modern autodiff libraries

HMC offers huge gain over MCMC when
applied to higher-dimensional problems
Optimization is also vastly more efficient
with exact gradient information (e.g.,
using Adam algorithm)

100, 000 galaxy colors

FSPS DSPS (CPU) DSPS (GPU)


https://arxiv.org/abs/2112.06830
https://arxiv.org/abs/1111.4246
https://arxiv.org/abs/1412.6980

DiftstarPop + DSPS colors: g-r vs r-i — Redshift evolution

Simultaneously fit the 2D Mstar-sSFR
distributions as a function of redshift and

present-day halo mass Mo‘

|
Color-color predictions using Diffburst + Diffdust &
models calibrated to COSMOS griz data by
Gillian Beltz-Mohrmann
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Future Applications on Exascale Machines

Model built to scale to very-large-volume
high-res N-body sims
Model is targeting new HACC sims:

o Farpoint: 1 Gpc, m, ~3e’

o Q-Continuum: 1 Gpc, m ~2e8

o Last Journey: 5 Gpc, m, ~3e9
New HACC sims beginning to run on
Frontier exascale machine at Oak Ridge
Aurora exascale machine has now + ENEIlGY
arrived at Argonne

d
Hewlett Packar

Aurora Early Science Projects: intel
o New gen of extreme-scale HACC
sims (N-body & hydro)
o Expansive calibration of
differentiable galaxy—halo models




Summary

e Differentiable & Probabilistic Approach
o GPU Acceleration
m Inherited directly from JAX-based implementation
o Gradient-based inference
m  O(100)-dimensional param space: low enough for HMC-based posteriors
o Differences from traditional SAM
m models based on parametric family of ODE solutions
m Fully probabilistic formulation
e Current status: end-to-end SED/photometry pipeline now in place
o Supplying mock catalogs to LSST-DESC, DESI, Roman
o Every ingredient is fully open-source
e Near-future applications
o Fine-grained model calibration with extreme-scale sims on exascale machines
o Continue to build out realism with more physical ingredients
m e.g, group/cluster gas, chemical evolution, black hole growth, etc.



https://diffmah.readthedocs.io/en/latest/
https://github.com/ArgonneCPAC/diffstar
https://halotools.readthedocs.io/en/latest/
https://dsps.readthedocs.io/en/latest/
https://diffsky.readthedocs.io/en/latest/
https://github.com/ArgonneCPAC/thechopper

Additional Slides



Diffmah Model for Mpeak(t) of individual halos
F(t]8) = My(t/t,)PV =M, _ (1)

Residuals from large collection of fits . - .
e Despite the hard-wiring of physical

Mpear = 1019 M, expectations into the functional form, Diffmah

gives an unbiased, low-scatter approximation
to halo growth across most of cosmic time
True for halos of all mass logMh>11

True for N-body or hydro

True for subhalos and splashback centrals
Note: Diffmah is a model for the smooth
trajectory of halo mass growth, and does not
capture, short-term transient MAH fluctuations

2 3 5 10
cosmic time [Gyr] See Hearin+21 for details


https://github.com/ArgonneCPAC/diffmah
https://arxiv.org/abs/2105.05859
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How much LSS info do we lose with the Diffmah approximation?

BPL : Myear = 102M,

TNG : Mpew = 102M,
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At fixed halo mass, halo clustering
has strong dependence on formation
time, known as halo assembly bias
Figure shows that when t_form is
defined based on best-fit diffmah
approximation instead of actual
simulated value, no info about
assembly bias is lost

This is not trivial! Mergers are
correlated with LSS

= MAH-$ connection is mostly
driven by “smooth” accretion history

late t50%

late t50%
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Diffstar: A Fully Parametric Physical Model for Galaxy
Assembly History

Parametric model for the galaxy in-situ SFH

| —— quenched galaxy

Parametrization based on galaxy formation physics: 10° 3 star-forming galaxy
e Gas accretion history ;

Main Sequence efficiency E
Gas consumption timescale O
Quenching (and possible rejuvenation) =107
[
Fr
p)

Parametrization flexibility tested against
UniverseMachine and TNG.

102

Params 0., describe history of individual t ; i . , .
coevolving galaxy/halo 2.5 5.0 7.5 10.0 12.5
cosmic time [Gyr]

Key idea: seek parametric family of solutions to
ODEs ordinarily solved by conventional SAMs



Diffstar: Physics-based SFH parametrization

Halo and gas assembly
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https://arxiv.org/abs/2205.04273

Diffsky First Light!

Longer-term goal is joint inference of - "gz:;'oszo
galaxy formation + cosmology

In the meantime, supplying mocks for
Challenge Problems in DESC & DESI 1.2 1
Ongoing effort led by Gillian

1.4 1

Beltz-Mohrmann and Alex Alarcon to -

calibrate Diff+ models e

At last, at last: first light! 06+

First-pass calibration based on o
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Diffsky First Light!

Longer-term goal is joint inference of 7 Model
galaxy formation + cosmology

In the meantime, supplying mocks for
Challenge Problems in DESC & DESI 2.5 1
Ongoing effort led by Gillian
Beltz-Mohrmann and Alex Alarcon to
calibrate Diff+ models 1.5 -
At last, at last: first light!
First-pass calibration based on
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2.0 1

1.0 A1

generalized color-magnitude 0.5 -
abundance functions

- 1 H 1 00 T T T T T T T T
Second-pass calibration targeting P R | A "R F

clustering+lensing with DESI + SDSS Fi



Diffsky First Light!

Longer-term goal is joint inference of
galaxy formation + cosmology

In the meantime, supplying mocks for
Challenge Problems in DESC & DESI
Ongoing effort led by Gillian
Beltz-Mohrmann and Alex Alarcon to
calibrate Diff+ models

At last, at last: first light!

First-pass calibration based on
generalized color-magnitude
abundance functions

Second-pass calibration targeting
clustering+lensing with DESI + SDSS
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Obar(AY)

Baryonification Model Behavior: M, , -dependence

Opar(AX) = AXp/A¥py — 1

Baryonification Model : M), -dependence

mo = 12.5

B

S, = fractional effect of baryons on
gg-lensing profile AX(r)

d,,, IS positive at radii where lensing
profiles with baryons is stronger than
lensing in gravity-only universe
Ongoing work in DESI w/ Enia Xhakaj



Obar(AY)

Baryonification vs. TNG comparison: M, . -dependence
Opar(AY) = Ay, /Ay — 1

—0.4

TNG comparison : M,s-dependence

— mg = 14.5 — TNG
— e = 14,70 -=-=-- EMC model

I T ]

6, = fractional effect of baryons on
gg-lensing profile AX(r)

6, is positive at radii where lensing
profiles with baryons is stronger than
lensing in gravity-only universe
Ongoing work in DESI w/ Enia Xhakaj



Diffmerge: forward modeling satellite merging and

M,)

ex—situ(

Parametric model for P_ ___ (t), the time evolutionary
trajectory of the probabili%y an accreted satellite
galaxy merges with the central galaxy

Parametrization based on galaxy formation physics:
e post-infall time delay

e SmoothscalingwithM,__ M |t

host? acc’ “obs

Params 6___ describe history of individual
coevolving satellite galaxy/halo

Plot shows UniverseMachine target SMF is well-fit
at high-mass end with UM-optimized DiffMerge

Beltz-Mohrmann+23, in prep
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