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Structure formation is hierarchical

Halo growth & Self-Interacting Dark
Large scales Merger + Tidal $
interactions Matter (SIDM)
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Recent small
scale
challenges
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Self-Interacting Dark
Matter (SIDM) could
address several small-
scale challenges

mU
[oh
-}
=
=i
>
£
w
=
[
©
©
_
4+
-
[,
()

Core formation

Elastic scatterings
lead to heat
transport in Halos,
which drives

Spergel & Steinhardt 2000,
Tulin and Yu 2017 (Review) etc.




An analytic model for SIDM halo evolution on normalized evolution time

Heat transport by SIDM (k) can be
absorbed into evolution time:

SIDM particles in a halo are like A 3 parameter The SIDM halo
fluid, instead parametric model: density profile is fully
specified given
Yang+2305.16176 3 parameters:
K (heat conductivity) « # of JCAP P :
. A . Vmax(t), Rmax(t), T
scatterings &« o (cross section)



Continuum limit

t
V max (ﬂ 111 ax (t) / /
tf tc(t

Incorporate accretion history

Sum over many isolated
increments in the gravothermal pSIDM () _ CDM (4 /t dt’ |drmaxModel (')
, g

max ma\ tc tf
phase: o

Merger/Stripping
induced relaxation

may change
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Merger/Stripping
— SIDM - .
. CDM induced relaxation
—— Integral model may I|m|t




Model Architecture

Multi-Layer Perceptron (MLP) Architecture

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

Data flows from left to right through the network
-

-

O Input Layer O Hidden Layer 1 ‘ Hidden Layer 2 O Output Layer Weights
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MLP: a feedforward neural network that transforms
input data into output predictions through multiple
fully connected layers with nonlinear activations.

Properties of Dark
Matter Particles: wy,

o0

Vmax history of Rmax history of
CDM: V,pauo(2) CDM: Rzt

Net of Tc: MLP

Net of Vmax: MLP Net of Rmax: MLP

Vmax history of Rmax history of
SIDM: V0.1 (%) SIDM: R,,..1()




Yang et al. 2024 ApJ

Training & Dataset

Pre-train with parametric model

predictions (integral approach)

* One model currently

* Will expand by considering
various SIDM models

Fine tune with simulation data 722000 Y e o

o M I | ky_Way ZO O m r I n Planned intervention: On Wednesday, July 16th 05:00 UTC Zenodo will be unavailable for 15-30 minutes to perform a storage cluster
simulations from Yang et al.

Published February 26, 2025 | Version v1 ApJ 991 69 [ & Open |
2024 Ap)

Data Release: SIDM Concerto: Compilation and Data Release of

Self-interacting Dark Matter Zoom-in Simulations

e ~1800 halos matched
between CDM and SIDM
simulations S e e S

Nadler, Ethan (Contact person)’ (®: Kong, Demao? ®; Yang, Daneng® ®: Yu, Hai-Bo?

1. B University of California, San Diego




Time-wise RMSE of Vmax for MLP model and parametric

Model Performance: MLP 0070
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7% — 6%
RMSE: Root Mean Square Error

MLP model RMSE

= === parametric RMSE
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Toime-wise RMSE of Vmax for MLP and parametric model
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Parametric model

+ SIDM simulation

CDM

MLP prediction
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MODEL PERFORMANCE: CNN
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Parametric model

SIDM simulation

CNN prediction
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Oz)l‘g&ne-wise RMSE of Vmax for CNN model and parametric

CNN RMSE
0.0551 ==== Parametric model RMSE
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lT&me—wise RMSE of Rmax for CNN model and parametric

CNN RMSE
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An Inference Agent for SIDM halos?

Yk = (‘/Inax; Rmax) k

Ay, = Ayy + Atibsiom (sk; 0) + €

(Non-linear) Residual Residual
Transport Drift Scatter

» A universal kernel approximates SIDM effects on (Vmax,Rmax) per

time step
» Removing the time conditioning in bSIDM mirrors the universality
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See Daneng’s Talk
for background

— SIDM
--- CDM
—— Integral model

10



Summary

Parametric SIDM model is fast but limited by fixed
functional form

We train neural networks to learn ACDM = SIDM
mapping directly

Two approaches: full-history mapping and time-
universal incremental model

Neural networks outperform parametric model
(250% improvement) with greater flexibility

Thanks for your attention!
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Validation Set: Prediction vs Reference

Tested against ~—— Prediction

. SIDM simulation (reference)
cosmological
simulations

—— Relative difference

Relative Difference: (Prediction - Reference) / Reference
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BACK UP



t T 1A t / > /
Vinax(t) = Vipax.com(ty) + [ dt ———— 2 _ 27 max,Model\" /
ma ( ) mas: ,(.DM( f__) '/tf a1 ’ tc(t’__) o

dt’

't
Rma-X(t) — Rma-x:GDI\--I(tf) ™ / a

Sty Ji; te(t) dr’

1 d ‘;n ax,Model ('T )
"’?na.:g CDM (t ) dr
1 dBmaxModa(r)
Ruax,coMm(t) dr

= 0.1777 — 13.207% + 66.627° — 94.347" + 63.547° — 21.937°

= 0.007623 — 1.4407 + 1.0137% — 0.55027°,

dﬁ’cw(f’u/f At dRmaxModel(7')
: |
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2.033 + 0.73817 + 7.2647° — 12.737" 4+ 9.9157” + (1 — 2.033)(1n0.001) " In (7 4 0.001) ,
0.7178 — 0.10267 + 0.24747% — 0.40797° + (1 — 0.7178)(In 0.001) ' In (7 + 0.001),

2.555/T — 3.6327 4+ 2.1317% — 1.41573 4 0.46837%, (2.3)

e = Ry /2.1626
2
Ps = (Vmax/(1-64‘8rs)) /G
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PARAMETRIC MODEL

High-resolution SIDM N-Body
simulations : expensive!

Analytic predictions?

Cosmo-796 SIDM
Isolated --- CDM
Integral model

Basic model
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D:Yang,/et al., 2024
https://github.com/DanengYang/parametricSIDVI

gravothermal evolution look universal !

Hou & Yang et al. 2025 JCAP

- NFW
Inner Density

-=== Core size

Predict the evolution
of a halo

under SIDM given its
evolution in

CDM based on a few
analytic

equations

Analytic kernel: the calibrated universal solution


https://doi.org/10.1088/1475-7516/2024/02/032

FULL-SEQUENCE: MLP

To use neural networks instead
of formulas of parametric model?

Properties of Dark Matter
Particles: wg, og

: Firstly similar to integral Viax istory o COM: Amax istory of COM:

"’;nm:l](t ) Rma:l' 0 (f)

approach

Net of Tc: MLP

Intermediate value

Net of Vmax: MLP Net of Vmax: MLP

F[Vmax0(t), tc(t)] - Vmax1(t)
G [RmaxO (t), tc (t)] — Rmax1 (t) et




Evolution of SIDM halos

A thermodynamics picture
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Yang & Yu 2022 JCAP

0.05 0.10
r(kpc)

— =0 Gyr
— =5Gyr
— =10 Gyr
— =15Gyr

=20 Gyr

Core formation
- heat flux + capacity => core
formation

Core shrink (heat flux small)

+ heat flux + capacity =>
quasi-stable core

Core collapse
+ heat flux - capacity => core
collapse
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STEP-BY-STEP INFERENCE

State parameters of the CDM
halo at time T;_; and T;_4

Particle parameters

(Relevant state values from
previous times)

State parameters of the SIDM
halo at time T;_:

Vmax (T'—l); Rmax (T'—l)

Neural
Network

State parameters of the SIDM
halo at time T;:

Vmax (Ti); Rmax (Ti)
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