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Given halo
merger history,
existing models
can predict
galaxies in halos
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Galaxy formation along halo assembly has intrinsic scatters

i [ [

Randomness is not put in by hand, it emerges after céarse-graining

Two sources of stochasticity

‘ Cosmological realization

« Different initial conditions
» Different merger and accretion histories
« Different large-scale environments

p
. Effective (coarse-grained) stochasticity

» Unresolved baryonic processes
» |SM, feedback, chemistry...
» Orbital phases, small halos, turbulence
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Graph:
Hierarchical
structure
formation

Graph-trajectory measure P(X, G) — P(X ‘ G)

Graph-conditioned
Pzth Measure [. (X | G)fox Pagtach (X | &) exp [-5(x; G)]

Model factorization

Evolution in Evolution in
isolation environment
Future extension: .
Sa: 9. S d’
Siot = SG[GO: K] A Sw[XO: x; Go: K] L& d[XO:K;GO: K] | structure term internal term boundary term

(graph evolution) (formation physics) (environment)
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Probabilistic halo graph construction for clustering

Yang & Yu 2023 PR Research:
» Halo graphs can be constructed using
» They are power-law graphs

Attachment

Probability = ﬁ

Fa— <313

e Rich becomes richer
o Early attachment
advantage y
Self-similarity: Hierarchical
structure naturally arise




A natural object to encode hierarchical structure formation
and environmental features
One halo at z=0 has one merger tree Grouped histories for main and sub halos

Sample merger tree with M. g, = 1033M,

Jespersen et al. 2022 Mangrove

Yang 2603.15128,

Yang & Yu 2022 PRR 1'Me

s/.‘.‘. »

Halo mass [log(Mp/Ms)]

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

Layered Halo
Graph

Probability-based construction naturally defines a graph measure P(G)
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Topology view - Snapshot 099 (spring) ~  Topology view - Snapshot 091 (spring) ~  Topology view - Snapshot 084 (spring) ~  Topology view - Snapshot 078 (spring)

Topological view
® e Point has no

size
e Edge hasno

Topology view - Snapshot 072 (spring) ~~  Topology view - Snapshot 067 (spring) ~  Topology view - Snapshot 059 (spring) ~  Topology view - Snapshot 050 (spring) Ie ngt h

Stack the layers

Topology view - Snapshot 040 (spring) ~  Topology view - Snapshot 033 (spring) ~  Topology view - Snapshot 025 (spring) ~  Topology view - Snapshot 021 (spring)
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A Graph Path Likelihood Model (GPLM) from machine learning

Som[x:Gl=- Y {(m:.,-,,k: —8i) TS Az — 6i1) + log det i;‘}
(_ 1*‘1" ) S Vs.u )

Training minimizes a discrete OM action build on
data across histories: 6-layer (13 total) window

drift

Temporal self-edge Temporal msg
+ At MLP Block 1 Block 5

Drift head

MLP - by
Temporal msg MLP Temporal msg MLP

+ mean agg + mean agg

Node features
log baseline + flags
+env+At+2z

concat — update MLP concat - update MLP Final hidden state
- residual + LayerNorm 'R - residual + LayerNorm hL

Host msg MLP Host msg MLP
+ mean agg + mean agg
Diffusion head
MLP - %

I0glO (Msampled, k/Mmean,k)

Host edges Host msg
+ edge attrs MLP

4 6 8
Elapsed Time [Gyr]

The Langevin equation 2(t) = b(z(t)) + n(t)

Graph encoding, Graph Neural » b: learned drift

. _ . Unregulated Regulated
conditioning Network > D: learned diffusion scatter scatter




Transport-only (M.) GPLM (M,)

Prediction vs Truth in Stellar Mass
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A Graph Path Likelihood Model (GPLM) from machine learning

Som[x; G] = . Z {(AJ}M - (51A)TF’;(_£ (Azx; k. — 0; 1) + logdet i[;l > b . Iea rned d rlft
' + > D: learned diffusion

All redshifts =-0. All redshifts
- High 2 [1.0,4.0] =1. . - High 2 [1.0,4.0]
Mid z [0.3,1.0] Mid z [0.3,1.0]
Low z[0.0,0.3] Low 2 [0.0,0.3]
-=- MO0,1)
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redshift redshift

The learned diffusions demonstrate deviations

_ P . from Gaussian, which could be meaningful and
and the spread of the residual distribution be modeled by incorporating higher order terms

GPLM substantially reduces both the median bias
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TNG50-1 GPLM drift-only GPLM full
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Dark Matter

e ¢ > Different sampled path batehes represent distinct stochastic realizations o
Deficient Galaxies Jif REL S p Ji

the same learned effective dynamics.
» The endpoint observables retain analogous stochastic structure across
these different realizations.




A Functional View under Effective Dynamical Scatter

The Langevin equation

Observables become
functionals of paths
where distortions can
be introduced

O=F[x(t)] 7 — /D?]Dﬂ? D5 ef{it:ﬁT[.:i‘-—b—*r}) 6_% "dtn' D 1n

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

Path Space Tools

Operator average
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Dark Matter Deficient Galaxy (DMDG) Probabilities

DMDG operator: Operator average

(i i . (i)
,z- MD (2 =0)+ M(z=0 ier Obupc[x
09 (x;) = @(w 1\ M ionane)e s = / pa | 2ier Founcld | 5o

Mlg;)lo(z =0) Np

dG:l: Sate”ites With attachment fits
dG>1: higher order satellites

Higher tidal stripping in dG>1
satellites leads to more DMDGs but
with greater scatter
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» Most probable path for DMDG
formation?
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Gas-Rich response as a controlled likelihood deformation

Gas-Rich operator:

Controlled bgas A (Tky G) = bgas oft (Tk, G) + )\[bgas,fuu(ﬂ?k, G) — bgas oft (T, G)|
deformation:

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

[#)]
(=]
Graph rank

Graph rank
=
(=]

dG=0: host
dG=1: satellites




Path-Space likelihood diagnostics

A path-level KL-like distance

A local forward-reverse asymmetry
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redshift z

Larger A drives a larger departure from A=0  Peaks around cosmic noon, indicating stronger
and broadens the graph-to-graph scatter history-dependent evolution there



Theoretical Perspectives

Non-Gaussian Geometric

. . Optimal Transport
scatter interpretation P P

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

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

Galaxy evolution path=geodesic in environment-shaped metric+drift forcing
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Path-conditioned predictions for 2-
comp SIDM | Deterministic

Yang, Fan, Hou, Tsai, Sci. Bull. 71 (2026)

1 A. isolated halos

B. cluster subhalos

> Isolated dwarfs are

a Mean A: 0.21
> Dwarfs in clusters are Std A: 0.20
' Mean B: 0.38
Std B: 0.29
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SIDM as controlled deformation on graph paths

Analytic kernel Neural Network Agent

» SIDM deforms (Vmax,Rmax) per time step

Cosmo-567
Subhalo

Y = (‘/max;Rma.x)k:

— SIDM
--- CDM
— Integral model

Ayr = Ay + Atibsipm(sk; 0) + €k

(Non-
linear)
Transport

Residual Residual

Drift Scatter Yang et al. 2305.16176
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From Stochastic Halo Growth to Stochastic Layered Graphs

Excursion-set theory: halo growth is a stochastic trajectory of density fluctuations across smoothing scales.

+ 1. Excursion-set: random walks

8(S)4 |

: T8

)

i First crossing

. )

/‘-\ | = halo mass
]

)

Stochasticity comes from random
initial fluctuations = random walks.

2. Stochastic growth

(Langevin equation)

e 9 _ )+ VDS

o | u(S) :drift
| (e.g., gravity)

| D(S) : diffusion
| (power spectrum)

+ n(S) :Gaussian white noise

| (n(S)n(S")) = 8p(S - ")

42\, Drift + random forcing
= stochastic trajectories

=

¥ 4. Joint model: halo graph + galaxy fields

Halo graph action

SG [GO:K] +

Galaxy/field action
Sx[X0:x; Go:x]

Total action

 Swi=Sc+5

3. From trajectories to layered halo graphs

Time / scale

k=0
(early)

r

\&

® Halos (nodes)
____ Mergers
(within layer)

____ Progenitor links
(across layers)

~

J

e

Joint probability

P(Go:x) = P(Go)

K-1
[T P(Gi+1 | Gr)
k=0

~

Thanks for your attention!







Which graph is most consistent with One cluster,
observations?
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The vast amount of data z-dependent could, in
principle, be used to fine-tune GPLM




The GPLM code layout
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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)




MSRID in GPLM: Discrete Realization of Stochastic Evolution

1 | ~ ~
=3 Z {(Al,;, - 51A)TETK}(A1I; — i) + log det 3, &
" (ik) eV

Path Space Tools

Controlled likelihood

Operator average deformation




MSRJD FROM NOISE MEASURE (1)

P(n] o< exp [—; /dt nTDln]




MSRJD FROM NOISE MEASURE (2)

1, T 1, T, 1 . . , A
/DU e_i”TD N X €exp |:_2/dt ZBTD&C] 7 = /DZB Dx 6_‘5“’13]3..1]3[;13,;13]

1 . 1
Z X /Daf: exp [—Q/thTDlA] X exp [—Q/dt log det Dg]
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