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Can we write galaxy formation as a path probability?

The most massive host in TNG-50-1

How rare is a given [Forward models 7path measuresJ
galaxy history?

How do we
compare two
different
evolutionary paths?

What is the
response of the

system to controlled _S(=:G)
perturbations? P(z|G) X Pattach(z]|G) €77

Al generated 3




Can we write galaxy formation as a path probability?

= complex, high-dimensional system
Coarse-grained - stochastic effective dynamics
' But no path probability in standard models

Forward models 7path measures

The Langevin equation

Observables averaged
over solutions of
Langevin equation can
be written as a path-

integral n (dtzT(i—b-m) —L [dtnTD L
g Z—/D?]D&?DZE ejdt.r (z—b—n) e~ 2 dtn D q

The Martin-Siggia-Rose-Janssen-De Dominicis (MSRJD) formalism




Cosmological halo formation can be encoded by graphs

Yang & Yu 2022 PR Research:
» Halo graphs can be constructed using
» They are power-law graphs

Attachment

Probability = ﬁ

) <13

e Rich becomes richer
o Early attachment
advantage

Self-similarity: Hierarchical
structure naturally arise




Recovering cosmic accretion history through

Traditional
(from the ytree document)

The probability-based construction naturally
defines a graph measure P(G)




A Path Measure Model AT
structure

formation

Graph-trajectory measure G HEIETILbd G)

Graph-conditioned [, x| G)
path measure -

X Pattach (X | G) exp |[—=5(x; G)]

Evolution in Evolution in
isolation environment



A Graph Path Likelihood Model (GPLM) from Machine Learning

Temporal edges Ed%; i“n’;f,’fe'

Node features
log M + env
At + z

Edge encoder

Host edges R® —» Rde

Graph encoding,
conditioning

Az ~ N(b(z,G), X(z,G))

Drift head
MLP - Ly

TransformerConv
(temporal)

sum - LayerNorm - SiLU sum - LayerNorm - SiLU Final LayerNorm

- skip-add "R - skip-add hL

TransformerConv
(host)

Diffusion head
MLP - 34

> b: learned drift
» D: learned diffusion

Attention-based Graph
Neural Network



GPLM substantially reduces both the’'median
bias and the spread of the residual distribution.

Transport-only
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End point (z=0) RMSE in Mstar reduce to 0.05 dex,
being much smaller than the 0.15-0.25 dex intrinsic
scatter at fixed halo mass
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MSRID in GPLM: Discrete Realization of Stochastic Evolution

1 ‘ ~ ~
=5 > (A= 00 TS (AT g — Gig) + logdet S
~ (i k)EV

Path Space Tools

Controlled likelihood

Operator average deformation




Applications to Dark Matter Microphysics

The effect of Self-Interacting Dark Matter (SIDM) could be
understood as a controlled deformation of the path measure

We aim to improve/extend the
parametric model for SIDM

4 V R halos (Yang et al. 2305.16176)
YE = ( max s L lmax ) ISl See THMIRs talk

Ay, = Ay + Atibgsiom(sk; 0) + €k

(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

Cosmo-567
Subhalo

--- CDM
— Integral model

Cosmo-567
Subhalo
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Our recent progress

A Graph Path Likelihood Model

—
Topological )
and statistical
correlations

eCorrelation
functions and

\

1 e, £

Yang 2603.15128°

Tsai, Science
Bulletin 2026
& PRD 2025
on mass
segregation

Graphs )

A ——.
A
Elastic
scatterings

eGravothermal
evolution

\ J

2

j DMina Q

Path Action

*Boosted
gravothermal
evolution

—— NFW

Inner Density

---- Core size

https://github.com/BanengYang/para
metricSIDM

Yang+2024 JCAP 02 (2024) 032

Yang 2024 PRD 110 (2024) 10, 103044
Yang+2025 PDU 47 (2025) 101807
Hou & Yang + JCAPOS8 (2025) 048

Collisional Formation
of Baryon Dominated
Dwarf Galaxies

A
+ "
100 kpc 100 kpc

Wang & Yang et al. ApJL 2026
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https://github.com/DanengYang/parametricSIDM
https://github.com/DanengYang/parametricSIDM

Potential Theoretical Directions?

Non-Gaussian . Geometric
Optimal Transport : :
scatter interpretation

The action can be rewrite as an energy functional of a curve in Riemannian geometry

Most probable path=geodesic in g=D ! under an effective potential

Galaxy evolution path=geodesic in environment-shaped metric+drift forcing

13



[J README

Graph Path Likelihood for Galaxy Formation on Layered
Halo Graphs

e This repository presents the training and inference workflow used in https://arxiv.org/pdf/2603.15128

¢ The layered halo graph organizes the merger histories of a main halo and its subhalos into a single, connected
layered object, explicitly encoding spatial connections via host edges and causal connections through temporal
edges.

The graph bundle under dataGraphs/ contains the TNG-derived layered graphs used by the training and test lists.

To save space, these graphs may be stored as individual .json.gz files. The convenience scripts below restore
them automatically when needed. All graphs under dataGraphs/ were constructed from the publicly available
IlustrisTNG TNG50-1 data, which can be accessed at www.tng-project.org/data .

Rank-1 layered halo graph constructed from the TNG50-1 data.

For any questions, comments, and potential collaborations, please contact [yangdn_at_pmo.ac.cn].

Training & Inference codes available at
https://github.com/DanengYang/GraphPath
Likelihood

Training data converted from TNG-50-1
simulation data available under the
dataGraphs folder

Al-drafted & Al-readable document
facilitates further developments

Thanks for your attention!
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Cosmological halo formation can be encoded by graphs

Yang & Yu, 2206.05578 [astro-ph.CO]
Phys. Rev. Research 5, 043187 (2023)




The trained
GPLM reliably
reproduces the
dG-split
population
structure
observed in
the simulation

Dark Matter
Deficient Galaxies
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Dark Matter Deficient Galaxy (DMDG) Probabilities

DMDG operator: Operator average

(i (i . (4)
,z- MY (2 =0)+M(z=0 ier Obupc[x

My (2 = 0)

NE

s Baseline
Attachment

dG=1: satellites
dG>1: higher order satellites

o]
o

[=))]
o

Graph rank

Higher tidal stripping in dG>1
satellites leads to more
DMDGs but with greater
scatter

e
o
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Gas-Rich response as a controlled likelihood deformation

Gas-Rich operator:

Controlled deformation: INECINEIERTNRENE) DY) NN AR e)

Ram-pressure
stripping causes gas
of satellites to feed
into the host

dG=0: host

dG=1: satellites
dG>1: higher order
satellites
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Graph rank

log10 (OGRr)a

S
o




Path-Space likelihood diagnostics AR = log R
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Host-edge has a more diverse effect in Host-edge conditioning weakens local
those satellites forward-reverse alignment and
increases graph-to-graph variability.




Stochastic field theory: noise-induced scatter

Origin of scatter

Path integral weight
Nature

EOM

Correlators
Geometry

Mean of scatter

Quantum fluctuations

polS
Coherent (phase)

Deterministic +
fluctuations

Propagators
Spacetime

Quantum variance

Coarse-grained /
environmental noise
5=
Probabilistic

Intrinsically stochastic

Noise-driven correlations
Noise structure

Classical ensemble
variance




MSRIJD FROM NOISE MEASURE (1)

1
P(n] o< exp [—2 /dt nTDln]

Sl —b—n) _/D:ﬁ- exp[/dtif;’T(m'—b—n)]

~ ‘At AL (Y L [t L DL
Z—/D?]DmDm ejdrtx (z—b—n) e > Jdtn D 'y



MSRJD FROM NOISE MEASURE (2)

| T -1 AT, 1 ) . , .
/Dn e_inTD N X €exp |:_2/dt mTD&'?] 7 = /Dm Dz 6_‘5“’13]3..1]3[;13,;13]

1 . 1
Z X /D:L‘ exp [—Q/thTDlA] X exp [—Q/dt logdetD(;]




MSRID in GPLM

res (1) = bo(a™ (1), G(1) + £(t),  (E(EX)T) = Dy d(t — ).

1

— by) + 5 /dt log det Dy(z", G)



Discretization Matters: Same SDE, Different Path Measures

z) — The definition of §[x-b(x)-n] is ambiguous
without specifying discretization

Plz] = /Dn n] 8[& — b(

Plz| = Pln =2 — b(x)] x det(

Tiiar — T = b(xn) At + v/ D(zy) AW * |td: no Jacobian term
e Stratonovich: +(1/2)V-b

o = (1 — @)z + QA * General a: continuous family

Ple] x exp [— L(& — b)"D (& — b) — Llogdet D — a Vb




The most probable path

The action can be rewrite as an energy functional of a curve in
Riemannian geometry

1
s=3 ) vt

Most probable path=geodesic in g=D~! under an effective potential

Galaxy evolution path=geodesic in environment-
shaped metric+drift forcing



The most probable path equation is a diffusion equation

p encodes deviation from
deterministic drift



Non-Gaussianities

Non-Gaussian stochastic dynamics = interacting field theory in (x,p)



Connects to optimal transport /
Wasserstein geometry

The same structure can be understood with iﬂf/dt/dm o, t) oM
optimal transport. In optimal transport prv
(Benamou—Brenier):

Subject to (without drift): Op+ V - (pv) =

With drift:

Stochastic dynamics = gradient flow of free energy in Wasserstein metric
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