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Why do we need a path measure in galaxy formation?

Goal: explore Self-Interacting Dark Matter (SIDM)
through controlled deformation of galaxies

| Given halo
merger history,
ll existing models

Galaxy can predict
formation in galaxies in halos
CDM ” -
’ Jiang )

Forward models
<SP path measures

A model for this mapping?

Question is: is the prediction
deterministic?

A deterministic
backbone

Yang+2305.16176

)
_‘@'_ A path measure model should offer a self-consistent way to capture
r'4 A Y

the intrinsic scatter and is growth



Galaxy formation along halo assembly has intrinsic scatters

i T v, [

We lack fulbinformation for deterministic predictions, so coarse-graining is always-needed

Observable, X

-
-
-
-
-
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» Models use coarse-grained
o information or characteristics
Regslaad » Unresolved differences grow
scatter
dynamically over time
e

» > Scatter remain time-correlated

g 2 and graph-conditioned




Effective Scatter Is Dynamical, Not Just Instantaneous

Coarse-graining - dynamical effective scatter
— stochastic effective dynamics

— a population of paths and (endpoint) observables can be sampled, even
when the accretion history is fixed

The Langevin equation

Observables and path
distortions can be
defined in a path The Martin-Siggia-Rose-Janssen-De Dominicis (MSRJD) formalism

integral formalism

~ ‘At AT (Y L g T L
Z—/D?]D:BDLE ejdt.r. (2—b—n) e 2 dtn D "n




Hierarchical
A path measure model structure

formation

Graph-trajectory measure P(}(_j G) — P(X ‘ G)

Graph-conditioned ,
path measure [ (X ‘ G)

X Pattach (X ‘ G) €eXp [—S(X; G)]

Evolution in Evolution in

: isolation environment
Future extension:

Stot = 9¢|Go:k| + Sz|X0:x; Go. x| + Sbnd |X0:x; Go: K|



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

) <13

e Rich becomes richer
e Early attachment
advantage

Self-similarity: Hierarchical
structure naturally arise




Encoding environmental features by layered halo graphs

One halo at z=0 has one merger tree Grouped histories for main and sub halos
Sample merger tree with M« g4 = 103°M,, . . Yang 2603.15128,

\/... &

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

layered halo graph

Halo mass [log(My/M)]

Jespersen et al. 2022 Mangrove

Probability-based construction naturally defines a graph measure P(G)
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Tapology view - Snapshot 033 ispring) Tapology view - Snapshot 631 (spring) Topology view - Snapshot 084 (spring) Tapology view - Snapshok 078 (spring)

Wi Topological view
- - * Point has no

-\ size
Edge has no

Tapciogy view - Snapshot 072 (spring) Topciogy view - Snapshot 067 (spring) Topology view - Snapshot 059 (spring) Topclogy view - Snapshot 050 (=pring) I e n gt h

Stack the layers

Topology view - Snapshot 040 (spring) Topology view - Snapshot 033 (spring) Tapology view - Snapshot 025 (saring) Topclogy view - Snapshot 021 (soring)




A Graph Path Likelihood Model (GPLM) from machine learning

Temporal self-edge Temporal msg
+ At MLP

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

Host edges Host msg
+ edge attrs MLP

Graph encoding,
conditioning

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

Block 1 Block 5

Drift head
MLP - bg
Temporal msg MLP Temporal msg MLP
+ mean agg + mean agg

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 - %,

> b: learned drift

Graph Neural Network > D: learned diffusion
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The GPLM code layout

Existing steflar mass i
transported and fresh
steliar growth i added on

top

Mades without
transported predecessors
are instialized from

The st uses sgrt
. iy | cument-layer truth walues

tramsporied previous halo
times curent halo as a
midpaint MAH surrogate

Convert SFR at the
midpoint into 2 mass
increment owver dt and
add it anly ta M_star

midpaint hala mass

Main-sequence
star-formation cfficicncy
depends on halo mass
through a smacth
low-mass to high-mass
slape transtion

halo-mass cefficiency
slope

gas modulation

add all predecessor
contributions oma cach
current nade using time
edges only

Star formation is
micdulated by a
time-dependent
quenching curve

The repo muttiplies the
star SFH by a

gas-dependent factor

derived from transported
M_gas

Predict cither diaganal

wariances or a full
riangular
covariance factar

Fasz information aloni
transparted same o
temiparal edges inside the
CurTent training step
graph

Pass infarmatian along
same-snapshot
hast-satcllite relations

Bmary channels indicate
whether cach transported
field is effectively presont

or zer0

Feed log transparted
bnclinnl‘ngmsﬁwinln the
GNN because the model
leams multplicative style

residual camections

Far log fields the training

target is log truth minus

log baseline nat the raw
truth itself

if a Diffstar config is
active add the

deterministic
stellar-grawth increment
to transported M_star lag baseline features far
mput masks

Hemove new nodes and
trwvial zoro-to-zena
propagated cases from
supervised residual fitting
Exira traming weight can
be applied ta

The determanistic bascline
dioes nat ovolve gas
irbermally and just carries
M_gas forward throwgh
transport

Same-snapshat spatial existence flags
camtext built from
hast-child pasition and

e host-relatioe distance +
5

add Diffstar star
ncrement

Zcalar cosmalogical
context copicd fo every
nade in the current layer

residual targets

build_dynamic_tensars transparted previous
predicban

redshift

Start fram the provicus
model state and
franspart it ta the current

lowe-stellar-mass nodes
without changing
path-measure
canstruction at inferonce

A lang graph is beoken

stellar increment

casmic-time quenching

sum predreessar masses

First make a simple
physics-m

peed
gas equals transported dt
gas Temporal edges and host hast role + mass cantest
iges ase converied into
mcsSage- passing cdge
tensors with edge
attributes

star cquals transparted e prepare_step
star plus Diffstar Lot =
increment Time difference between

conseoutive layers

news nodes seeded fram

trutl Baseline recurrence: 2
Feature Build

buid fransport_index  guild s to dst magping
fram temparal edges or
same-i0 fallback
Daffstar
Transpart Deterministic Backbone
Stellar mass caried by

Leamed residual path e
mark new nodes

onte descendants
(Gas mass carried by each
Elag nodes with ne i
transported predecessor

sa they can be
truth-seeded

Strategy
Detesministic baseline
——— Fredict layered graph
Map the assembled node nput projectian stian

featurne vector inta the:
hidden width used by the
message- passing biods ch graph is
nap

ats

ated step
prediction

MM
a sequence
cosmic
time i to rall node

nfenence
s forward fram one

diffusian head foead.

into sharter overiappang
sequences sa rollout
trainang is tractable

Static node features
describing host
assignment satclite
status indegres
autdegree and host ar
seif halo masses

averlapping kyer
windaws

windawDataset

Training

miodel_state

modulatan cosmic time

Data Mode!
LayeredGraph

Final loss history and
summiary numbers stoned
at sawve time

Iowwr-mass M_star
weighting

OM Gaussian NLL

The objective is an
Onzager-Machiup style
tGaussian path loss on

resduad dymamacs

The code can train either
independent per-field
noee or 2 caupled
covariance

dizganal ar full

Loss

cowariance

Architectune
hyperparameters needed
fo rebuild the network

madel_config

diffstar config

Checkpoint

Autoregressive rollout
ingide cach window

Leamed weights of the

Time: in Gyr used o
compute step soe dt

Later steps consume the
mided-updated state
ather than
teacher-forcing every
==

then foed madel
predictions farward

traim_cordia
The deterministic Diffstar
bascline canfig saved
together with the model

Training seitings such as
ficlds mass _Jog_eps
cowariance mode and
weighting knobs

start from truth at first
layer

The first layer of each
training window intializes
the state fram truth

Crass-snapshat

time_cdges

lyers schema

layer to the nest

M_gas
Raw velocit,

Layer contents

r-descendant
ns

One nade usually
represenss ane subfale
ar galury object at that

snapshat

temporal seif-cdge
messages

Message blacks

mean aggragation

drift i log-affset mte
ual update

Fredict deterministic

After mulliphying by dt
logeresidhual drift ees for e
cach fiekd

‘this drift is ai tolog
baseline mass

Each black updates nade
embeddings with 2
skig-connection style
residuall step

The diffussan ut
parameterizes sochastic
spread of those residual

rates

Modes with na
predecessar ane inserted

from truth rather
hallucinazed

autaregressively

Dutput meaning

covariance in rate space

Incoming mmp's‘:m
aweraged rather than
summaed

iaad checkpaint

Write predictian files n
the same graph-ariented
rmiat used by the

Hestare the trained mods|
ng scripts ;

and its saved configs

for each graph
clamp to nonnecgative

cxpart graph JSON
rehuild step tensors

seed new nodes from

Otk prodict deift update log masses

Recreate the same
per-step st and
dynamic tensars used in
K.Jr' i catain trae ning
drift and diffusion though
only dift is used inthe
deterministic exparted
rollout

than

Negative masses am
forbidden so predictions

Add drift times
baseline masses and
expansntiate back to

linear space

anly indire
hast-relati

nades-links schema hast_edges

hast-relatve distance

Ficld extraction

e redshift

Same-srapshat

Each layer cantains nodes
M.hale ind edge lists deseribing host- satedite relatians

relations

M_star al redshift

Hala mass used by attached ta the layer

transport features and by
the Diffstar backbone

back-transform

Target state variable and
one of the main predicted
. cids




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

Prediction vs Truth in Stellar Mass
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Transport-only (Mgas)

N=36715 N=36495
RMSE=0.660 RMSE=0.416

ey
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Prediction vs Truth in Gas Mass
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truth: logip (M/(Mg /h)) truth: logi1g (M/(M g /h))
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Transport-onl GPLM substantially reduces both
' the median bias and the spread of
the residual distribution.

FATIPS PN PN PN P I LN N S A NI TIPS PN RPN P
redshift redshift
. Mgas

All redshifts All redshifts
High z [1.0,4.0] ‘ High z [1.0,4.0]
Mid z [0.3,1.0] Mid z [0.3,1.0]

> Calibrated diffusions have o~ | S 51— lowz(00031)/)
expected mean and variance

» The Mstar channel suggests the
need for non-Gaussianity

T ——— . s T ST e e o B



TNG50-1 GPLM drift-only GPLM full
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structure
observed in
the simulation
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Mgas
MQ
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Dark Matter

e . > Different sampled path batehes represent distinct stochastic realizations o
Deficient Galaxies Jif RELS p f

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




Observable, X
A

Earlier cartoon

Unregulated
scatter

Regulated
scatter

log 10 (Msampled, k/Mmean,k)

In our trained model

4 6 8
Elapsed Time [Gyr]
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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




Dark Matter Deficient Galaxy (DMDG) Probabilities

DMDG operator: Operator average

Opwn = [ Dx
< DMDG)G,E / ‘C[ N

M (2 =0) + Mik(z=0) 1
MY (2= 0)

halo\ y

O](Dil}\.fIDG (x;) = 9(

With attachment fits

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

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

O]
!
T
e
=
=
=t
=
S
T
:.
L |
=1
Q
—

|
b
&)

x|

(2)
2_ice 9bmpg

Ptot.(x | G’., I

Graph rank
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Gas-Rich response as a controlled likelihood deformation

Gas-Rich operator:

e (g LI STOIENEIR [T B 0. (71, G) = bgus ot (Tk, G) + A[bgas full (Tk, G) — bgas off (T, G)]

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

Graph rank

dG=0: host

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

[*)]
[s=]

=
(=]
Graph rank
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Path-Space likelihood diagnostics

A path-level KL-like distance

A local forward-reverse asymmetry

()]
(e}
(o))
o

=
o

-
= =
g:s ©
— [
= <
2 5
53 o
6] Qo

e
o

-

Larger A drives a larger departure from A=0 Larger A makes the trajectories more irreversible

and broadens the graph-to-graph scatter Higher-dG trajectories show broader spreads
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Potential Theoretical Directions?

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 ! under an effective potential

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

21



A program for analytic/parametric computation of SIDM effects

--- SIDM effects can be incorporated as controlled deformation of halos

——- NFW ;
Inner Density

(JCAP): An effective constant cross section to map differential scatterings into Cevn Toperkige
a constant cross section (2205.03392)

(PRR): A graph model for the clustering of dark matter halos (2206.05578)

(JCAP 2024): A kernel function to map CDM halos into SIDM halos

& An integral approach to incorporate accretion history (2305.16176)

(PRD): Incorporating the effect of baryons (approximate) (2405.03787)

(JCAP): A semi-analytic model to generate SIDM subhalos. Ando et al. vt SIDM il Oal EME
(SASHIMI-SIDM, 2403.16633) }

(Science Bulletin): Extension: 2-component SIDM with mass segregation |
(2506.14898)

(arXiv:2603.15128): A path-integral formalism on layered halo graphs

+ many 3" party applications




Path-conditioned predictions for
2-comp SIDM

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

1 A. isolated halos

B. cluster subhalos

> Isolated dwarfs are

> Mean A: 0.21
> Dwarfs in clusters are Std A: 0.20
Mean B: 0.38
Std B: 0.29

el
=

Halo ID: 11
F

Frequency
2

wu [=)]
(=] (=]
(=] (=]

B
o
o

Vinax (km/s)

w
[==]
o

CDM
SIDM2c

\U:4 fll.l‘r HTS
Gravothermal phase T




° . = Solid : dark matter (baryons on)
c ru c I a I : dwa rfs ca n h ave grOWI ng Dashed : dark matter (baryons off)
cores and densities simultaneously (LD borted: baryons

Growing stellar cores in
isolated dwarfs

M, =10" M., median concentration

Boosted evolution explain
strong lensing perturbers

. Enhanced density explain
W GGSL

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

p



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) Residual Residual
Transport Drift Scatter

25



» Galaxy formation after coarse-graining is P —8(=:6)
z|G) o z|G) e 7\
a stochastic trajectory problem ( l ) p“m( l )

» Halo assembly graphs provide the natural
- structure for those histories

> GPLM is a first step toward turning that
idea into a usable statistical framework

: en
» Baryonic response and dark-sector
physics can be encoded as controlled L : » e

deformations of graph-conditioned path . Thanks for your attention!

ensembles
" £ ! - 26
A,






Agent-Mediated
Reproductivity?

» Write what our program does in
detail and an organized Markdown
file (~1000 lines)

» Ask Kimi2.6 to construct this
program based on the graph data

and the markdown files.

» ~ 5 iterations of self-consistency
checks

Almost identical performance obtained!

GPLM (M.)

N=53120
RMSE=0.190

Fiducial

6 8 10
truth: logio (M/(M o /h))

GPLM (Mgas)

N=36495
RMSE=0.416

Fiducial

6 8
truth: log10 (M/(M o /h))

121N=52466
RMSE=0.223

11

d

/ Kimi2.6

6 8 10
truth: logi0 (M/(M o /h))

GPLM (Mgas)

N=35495
RMSE=0.426

Kimi2.6

6 8 10

truth: logio (M/(M o /h)) ¥



Codes (to be) 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 mark-downs
facilitates further developments

P(z|G) X pattach(Z]|G) e S(®:6)

29



Cosmological halo formation can be encoded by graphs

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




Stochastic field theory: noise-induced scatter

Origin of scatter

Path integral weight
Nature

EOM

Correlators
Geometry

Mean of scatter

Quantum fluctuations

205
Coherent (phase)

Deterministic +
fluctuations

Propagators
Spacetime

Quantum variance

Coarse-grained /
environmental noise
5=
Probabilistic

Intrinsically stochastic

Noise-driven correlations
Noise structure

Classical ensemble
variance




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]




MSRID in GPLM

res (1) = bo(a™ (1), G(1) + £(8),  (E(OEX)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 * |t6: 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



What we would like to achieve?

Cosmo-1357

Subhalo

Predict the

— S5IDM
=== DM
— Integral model

given its evolution in

CDM based on a few analytic

equations

Obtain the

, analytically by
(a large number of) SIDM halos

-200 =150 =100 =50
X (arcsec)

& for generic models with varying
inner density slopes, e.g.,
SIDM+mass segregation

40



Traditional

discussion focuses of

the “small-scale

crisis”

* Core—cusp
problem

* Too big to fail

* Missing satellite
galaxies

* Diversity problem

New small
scale crisis

Dwarf
clustering

Strong
lensing
perturber

GGSL

Diverse
rotation
curves

Little red
dots

BHB
mergers

Stellar
stream
perturbers

%Iaxies

g—
Galaxy
_— rotation ) —
. E curves \
Gaps in Lensing
stellar perturber
streams S
Astro-
< orobes for |
Galaxy—
Little red dark matter galaxy
dots . strong
oroperties lensing
— W e
~ Dark-
Clustering
of dwarf ik =0

deficient
alaxies
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Our recent progress

A Graph Path Likelihood Model

and statistical
correlations

eCorrelation
functions and
Graphs

’ Topological

\

Tsai, Science
Bulletin 2026
& PRD 2025
on mass
segregation

—\

)

A ——.
A
l Elastic
scatterings

eGravothermal
evolution

\ )

T

7 omina |10

Path Action

*Boosted
gravothermal
evolution

—— NFW

Inner Density

---- Core size

https://github.com/DanengYang/para
metricSIDM :
Yang+2024 JCAI5 02 (2024) 032

Yang 2024 PRD 110 (2024) 10, 103044
Yang+2025 PDU 47 (2025) 101807
Hou & Yang + JCAPO8 (2025) 048

Collisional Formation
of Baryon Dominated
Dwarf Galaxies

A
+ "
100 kpc 100 kpc 42

Wang & Yang et al. ApJL 2026


https://github.com/DanengYang/parametricSIDM
https://github.com/DanengYang/parametricSIDM
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