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Outline

◆ Galaxy formation on Graphs

◆ A path measure model

◆ A machine learning realization

◆ Path-Space Tools

◆ Outlook A zoom-in of 20 
Mpc/h in an 
L=400 Mpc/h box
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Structure formation leads 
to macroscopic, self-

bound systems comprised 
by dark matter halo and 

galaxies



Can we write galaxy formation as a path probability?

AI generated

How rare is a given 
galaxy history? 

How do we 
compare two 
different 
evolutionary paths? 

What is the 
response of the 
system to controlled 
perturbations?
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Forward models ≠ path measures



Galaxy formation = complex, high-dimensional system 
Coarse-grained → stochastic effective dynamics 

 But no path probability in standard models 

Can we write galaxy formation as a path probability?

The Langevin equation

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

Forward models ≠ path measures

Observables averaged 
over solutions of 

Langevin equation can 
be written as a path-

integral 
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Yang & Yu 2022 PR Research: 
➢Halo graphs can be constructed using preferential attachment
➢They are power-law graphs

Cosmological halo formation can be encoded by graphs

Preferential attachment
● Rich becomes richer
● Early attachment 

advantage

Self-similarity: Hierarchical 
structure naturally arise 



Recovering cosmic accretion history through detachment

One halo at z=0 has one merger tree

New: all halos 
belonging to an z=0 
host halo has one 
layered halo graph

Rank-1

Rank-1

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

Traditional 
(from the ytree document)
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Hierarchical 
structure 
formation

Graph-trajectory measure

Graph-conditioned 
path measure

Evolution in 
environment

Evolution in 
isolation

A Path Measure Model
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➢b: learned drift 
➢D: learned diffusion 

A Graph Path Likelihood Model (GPLM) from Machine Learning

Attention-based Graph 
Neural Network

Graph encoding, 
conditioning
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Model performance GPLM substantially reduces both the median 
bias and the spread of the residual distribution.

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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MSRJD in GPLM: Discrete Realization of Stochastic Evolution

non-Gaussianity could be handled by higher-order terms

Path Space Tools

Operator average
Controlled likelihood 

deformation

Likelihood Ratio; 

forward-backward asymmetry

Gaussian Onsager-Machlup (OM) action

enforces the stochastic dynamics 
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(Non-linear) 
Transport

Residual 
Drift

Residual 
Scatter

Applications to Dark Matter Microphysics

➢ A universal kernel approximates SIDM effects on (Vmax,Rmax) per time step
➢ Removing the time conditioning in bSIDM mirrors the universality

We aim to improve/extend the 
parametric model for SIDM 
halos (Yang et al. 2305.16176)
See 项树城’s talk 
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The effect of Self-Interacting Dark Matter (SIDM) could be 
understood as a controlled deformation of the path measure



Our recent progress

DM in a 
Path Action

Elastic 
scatterings
•Gravothermal 
evolution

Dissipative 
scatterings
•Boosted 
gravothermal 
evolution

Self-
boosting 
scatterings
•Gravitational 
binding

Multi-
components
•Mass segregation

Topological 
and statistical 
correlations

•Correlation 
functions and 

Graphs

Yang 2603.15128 

Yang, Fan, Hou, and 
Tsai, Science 
Bulletin 2026
& PRD 2025
on mass 
segregation Collisional Formation 

of Baryon Dominated 
Dwarf Galaxies Wang & Yang et al. ApJL 2026

https://github.com/DanengYang/para
metricSIDM
Yang+2024 JCAP 02 (2024) 032
Yang 2024 PRD 110 (2024) 10, 103044
Yang+2025 PDU 47 (2025) 101807
Hou & Yang + JCAP08 (2025) 048

A parametric 
model for 

SIDM halos
A Graph Path Likelihood Model
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https://github.com/DanengYang/parametricSIDM
https://github.com/DanengYang/parametricSIDM


Potential Theoretical Directions?

Most probable path=geodesic in g=𝑫−𝟏 under an effective potential

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

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

Optimal Transport
Geometric 

interpretation
Non-Gaussian 

scatter
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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

AI-drafted & AI-readable document 
facilitates further developments

Thanks for your attention!



Back up



Cosmological halo formation can be encoded by graphs

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

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

Dark Matter 
Deficient Galaxies
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dG=1: satellites
dG>1: higher order satellites

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

Dark Matter Deficient Galaxy (DMDG) Probabilities

DMDG operator: Operator average
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Gas-Rich response as a controlled likelihood deformation

Gas-Rich operator:

Controlled deformation:

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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Host-edge has a more diverse effect in 
those satellites

Host-edge conditioning weakens local 
forward–reverse alignment and 
increases graph-to-graph variability.

Path-Space likelihood diagnostics
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Stochastic field theory: noise-induced scatter

Aspect QFT SFT on layered graphs

Origin of scatter Quantum fluctuations Coarse-grained / 
environmental noise

Path integral weight 𝑒𝑖𝑆 𝑒−𝑆

Nature Coherent (phase) Probabilistic

EOM Deterministic + 
fluctuations

Intrinsically stochastic

Correlators Propagators Noise-driven correlations

Geometry Spacetime Noise structure

Mean of scatter Quantum variance Classical ensemble 
variance



MSRJD FROM NOISE MEASURE (1)



MSRJD FROM NOISE MEASURE (2)



MSRJD in GPLM



Discretization Matters: Same SDE, Different Path Measures

• Itô: no Jacobian term 
• Stratonovich: +(1/2)∇⋅b
• General α: continuous family 

The definition of δ[ ሶx−b(x)−η] is ambiguous 
without specifying discretization



Most probable path=geodesic in g=𝑫−𝟏 under an effective potential

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

The most probable path

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



The most probable path equation is a diffusion equation

Assuming constant D:

Hamiltonian structure

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 
optimal transport. In optimal transport 
(Benamou–Brenier): 

Subject to (without drift): 

With drift: 

ρ(x,t|G): the probability density (or empirical distribution) of 
galaxy states at layer t, conditioned on the graph/environment G

Stochastic dynamics = gradient flow of free energy in Wasserstein metric

GPLM = graph-conditioned optimal transport
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