
Uncovering Physical Drivers of Dark Matter Halo
Structures with AuxiliaryVariableGuided Generative

Models

Arkaprabha Ganguli ∗

Mathematics and Computer Science Division
Argonne National Laboratory

Lemont, IL 60439
aganguli@anl.gov

Anirban Samaddar ∗

Mathematics and Computer Science Division
Argonne National Laboratory

Lemont, IL 60439
asamaddar@anl.gov

Florian Kéruzoré
High Energy Physics Division
Argonne National Laboratory

Lemont, IL 60439, USA
fkeruzore@anl.gov

Nesar Ramachandra
Computational Science Division

Argonne National Laboratory
Lemont, IL 60439

nramachandra@anl.gov

Julie Bessac
Computational Science Center

Data, Analysis and Visualization Group
National Renewable Energy Laboratory

Golden, CO, USA
julie.bessac@nrel.gov

Sandeep Madireddy
Mathematics and Computer Science Division

Argonne National Laboratory
Lemont, IL 60439

smadireddy@anl.gov

Emil Constantinescu
Mathematics and Computer Science Division

Argonne National Laboratory
Lemont, IL 60439

emconsta@anl.gov

Abstract
Deep generative models (DGMs) compress high-dimensional data but often entan-
gle distinct physical factors in their latent spaces. We present an auxiliary-variable-
guided framework for disentangling representations of thermal SunyaevZeldovich
(tSZ) maps of dark matter halos. We introduce halo mass and concentration as
auxiliary variables and apply a lightweight alignment penalty to encourage latent
dimensions to reflect these physical quantities. To generate sharp and realistic sam-
ples, we extend latent conditional flow matching (LCFM), a state-of-the-art gen-
erative model, to enforce disentanglement in the latent space. Our Disentangled
Latent-CFM (DL-CFM) model recovers the established mass-concentration scal-
ing relation and identifies latent space outliers that may correspond to unusual
halo formation histories. By linking latent coordinates to interpretable astrophys-
ical properties, our method transforms the latent space into a diagnostic tool for
cosmological structure. This work demonstrates that auxiliary guidance preserves
generative flexibility while yielding physically meaningful, disentangled embed-
dings, providing a generalizable pathway for uncovering independent factors in
complex astronomical datasets.

∗equal contribution

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.



1 Introduction

Deep generative models (DGMs)including variational autoencoders (VAEs), normalizing flows, and
diffusion models are indispensable for modeling complex, high-dimensional scientific data. How-
ever, when applied to scientific datasets, heterogeneous in modality, fidelity, and accuracy, with
stochastic measurements and multi-scale structure, DGMs often lack interpretability [Yang et al.,
2021]. Domain scientists seek to characterize patterns and associations among physical quantities
for prediction, uncertainty quantification (UQ), and mechanistic understanding, but they often have
only partial knowledge of these physical quantities: some factors are measured and their link to the
data distribution is known (“known knowns”), others are measured but their influence is uncertain
(“known unknowns”), and many remain unanticipated (“unknown unknowns”) Hatfield [2022]. In
this setting, DGMs frequently learn entangled latent spaces, where a single coordinate influences
multiple unrelated aspects of the data, thereby hindering interpretability and downstream applica-
tions (e.g., sensitivity analysis, inverse design, hypothesis testing). Disentangled representations in-
stead aim for latent coordinates that correspond to independent factors of variation, so that adjusting
one coordinate affects only its associated factor [Wang et al., 2023]. Astronomical imaging provides
a compelling testbed; we focus on dark matter halos observed via the thermal Sunyaev–Zel’dovich
effect (tSZ, Zeldovich and Sunyaev [1969]), identified in maps of the cosmic microwave background
(CMB), where images exhibit rich structure tied to physically meaningful, computable auxiliary in-
formation, e.g., halo mass and concentration. These auxiliary variables can be computed for each
halo map and paired with the image. However, existing unsupervised approaches for disentangle-
ment (e.g., β-VAE [Higgins et al., 2017], FactorVAE [Kim and Mnih, 2018], DIP-VAE [Kumar et al.,
2018]) only encourage factorization in the latent space, but do not exploit partially known physical
covariates like these mass and concentration. When such covariates are available and scientifically
important, a pragmatic alternative is to guide disentanglement with auxiliary variables, softly steer-
ing selected latent coordinates to align with target factors while allowing the remaining latents to
capture residual variability.

Recent work [Ganguli et al., 2025] proposed AuxVAE which has instantiated this idea within a
VAE by partitioning the latent space into two segments - an auxiliary-informed block and a residual
block, and adding lightweight penalties that (i) align each auxiliary-informed dimension with its cor-
responding physical variable and (ii) discourage cross-correlation with other latents, while leaving
the residual block free to model remaining variation. This improves interpretability without requir-
ing full supervision over all factors. However, across rich, high-detail datasets, including the present
application to tSZ halo maps, standard VAEs often over-smooth fine structure, under-represent small-
scale variability, and lag behind more expressive generative models in sample fidelity and general-
ization [Yacoby et al., 2020, Bozkurt et al., 2021].

To overcome these limitations, we turn to conditional flow matching (CFM), a class of powerful
flow-based DGMs that learn sample-generation by regressing probability flow (or transport) vec-
tor fields between simple reference distributions and data distributions [Lipman et al., 2022, Tong
et al., 2023]. CFM inherits the benefits of sharpness and diversity from continuous normalizing
flows, while enjoying stable and scalable training via supervised regression of vector fields. Recent
approaches in flow matching Guo and Schwing [2025], Samaddar et al. [2025] have adapted the
deep latent variable models (such as VAEs) to the flow matching for structured generation, efficient
training, and accurate inference. In this paper, we propose Disentangled Latent-Conditional Flow
Matching (DL-CFM), that marries the interpretability of auxiliary-guided VAEs with the fidelity of
CFM. Concretely, we first infer a low-dimensional code z with a VAE encoder and impose the same
auxiliary alignment regularizers used in Ganguli et al. [2025] so that selected coordinates of z cor-
respond to known physical factors (e.g. halo mass and concentration). We then train a CFM-based
generator conditioned on z to produce high-resolution tSZ maps. In effect, the VAE encoder pro-
vides a structured, interpretable bottleneck, and the flow-matching decoder renders those factors into
realistic, high-detail images. In summary, this paper makes the following contributions:

• Disentanglement in flow matching. We introduce DL-CFM, bringing auxiliary-variable
guidance into conditional flow matching via a lightweight VAE encoder with simple align-
ment/decoupling losses. To our knowledge, this is the first approach to enable disentangled
control within CFM without degrading fidelity.

• Application in tSZ map generation and control. On simulated tSZ maps of halos,
DL-CFM learns accurate data distribution and generates realistic maps of diverse samples
with interpretable control along mass and concentration. Guided traversals allow targeted
synthesis at specified settings and separate known factors from residual morphology.

2



• Scientific validation and diagnostics. The learned latents recover the expected mass-
concentration trend and surface outliers (e.g., disturbed systems or artifacts), enabling sen-
sitivity analyses and anomaly discovery with a compact, interpretable representation, as
well as fast generation of realistic mock datasets from minimal inputs.

Next, we describe our approach in Section 2 and present experimental results in Section 3.

2 Methodology
We use auxiliary physical variables to shape the latent space of a deep generative model so that
selected coordinates align with known factors (e.g., halo mass and concentration) while preserving
generative flexibility. Concretely, we propose DL-CFM, which adapts the AuxVAE loss function to
the state-of-the-art latent conditional flow matching model for high-quality sample generation and
physics-aware latent space disentanglement. This section specifies the setting and the main loss
terms needed to reproduce our method; extended definitions and derivations are deferred to the
Appendix.

2.1 Notations
Let x∈Rp be an observation (a tSZ halo image) and u∈Rd the auxiliary variables (here, halo mass
and concentration). The VAE introduces a latent z∈RdZ and partitions it as

z =
(
zaux, zrec

)
, zaux ∈ Rd (auxiliary-guided), zrec ∈ RdZ−d (reconstruction-focused).

To align zaux with u while leaving zrec free to capture remaining unknown unknowns, we use an
auxiliary-informed prior

p(z | u) = N (µ0(u),Σ0) , µ0(u) =
(
u1, . . . , ud, 0, . . . , 0

)
, Σ0 = diag

(
τ2Id, IdZ−d

)
, (1)

where τ2≪1 is a small variance, generally taken as inverse of the batch-size, that softly tethers the
guided coordinates to u (we normalize u to [0, 1]).

2.2 Auxiliary-variable guided disentangled Latent CFM
Recent approaches in flow matching Guo and Schwing [2025], Samaddar et al. [2025] have com-
bined deep latent variable models with flow-based generative models to ensure efficient training
and inference. We propose DL-CFM that extends these state-of-the-art flow matching approaches to
enforce disentanglement in the latent space using the auxiliary variables in our data.

We aim to learn a time-dependent vector field vθ(xt, z, t) that evolves samples from a simple
source distribution, x0, to the high-dimensional halo dataset conditioned on the disentangled latent
variable z. To enforce the disentanglement, we propose the loss function,

LDL-CFM =Ep(t),qϕ(z|x),pt(xt|x0,x) ||vθ(xt, z, t)− ut(xt|x0, x1)||22︸ ︷︷ ︸
conditional flow matching loss

+βKL(qϕ(z | x) ∥ p(z | u))︸ ︷︷ ︸
conditional prior match

+ λ1

d∑
j=1

(
Align(uj , µϕ,aux,j)︸ ︷︷ ︸

explicitness

+Decorr
(
uj , µϕ,aux,−j

)︸ ︷︷ ︸
intra-independence

)
+ λ2 Decorr

(
u, µϕ,rec

)︸ ︷︷ ︸
inter-independence

. (2)

Here µϕ(·) denotes the encoder mean; µϕ,aux and µϕ,rec are its restrictions to the auxiliary-guided
and reconstruction-focused coordinates, and µϕ,aux,−j excludes the jth guided coordinate. The
three regularizers enforce: (i) explicitness (guided coordinate j tracks uj in a one-to-one manner),
(ii) intra-independence (no cross-correlation among guided latents), and (iii) inter-independence
(reconstruction-focused latents are decorrelated from u). We instantiate Align and Decorr as
lightweight correlation-based penalties computed from minibatch statistics of µϕ. We leave the
details of training and sampling for DL-CFM in App. B. Equation (2) introduces no extra networks
and only a few scalar hyperparameters (β, λ1, λ2, τ

2).

3 Experimental results
We evaluate (i) generation quality and (ii) disentanglement effects on synthetic thermal Sunyaev–
Zel’dovich (tSZ) halo images. Our model of interest is DL-CFM, which couples an auxiliary-guided
VAE bottleneck to a conditional flow matching model. We compare DL-CFM to a state-of-the-art
baseline ICFM Tong et al. [2023] model in terms of generation quality.
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Methods # Params. Sinkhorn (↓) Energy (↓) Gaussian (↓) Laplacian (↓)
ICFM 34.42M 4564.03 ± 37.883 84.073 ± 0.797 0.00813 ± 0.00020 0.00693 ± 0.00011

DL-CFM 38.06M 4819.211 ± 32.718 83.148 ± 0.767 0.00813 ± 0.00014 0.00678 ± 0.00012
Table 1: Table shows the generation quality for ICFM and DL-CFM in terms of different distance
metrics (mean ± Sd). In terms of most metrics, the two approaches show similar generation quality.

3.1 Data and experimental setup
Simulations and halos. We use cosmological hydrodynamic simulations from de Souza Vitório
et al. [2025] run with the Conservative Reproducing Kernel, Hybrid/Hardware Accelerated Cos-
mology Code (CRK-HACC; Frontiere et al. [2023]); details are in App. A. Halos are identified
with a friends-of-friends finder, and halo centers are set to the most bound dark matter particle.
For each halo, we compute two physical properties that are expected to capture key intracluster
medium (ICM) morphology Kéruzoré et al. [2024]: mass M200c and concentration c200c. We select
halos with M200c > 1013.5 h−1M⊙. Details on the halo catalog and associated properties are de-
tailed in Appendix A.1. We represent each halo with a Compton-y mapthe line-of-sight integral of
the electron pressureof the thermal SunyaevZeldovich (tSZ) signal. Each image is paired with its
(M200c, c200c) values. Our experiments test whether DL-CFM matches the sample fidelity of CFM
while enabling controlled generation along the mass and concentration axes.

3.2 Generation quality
Table 1 shows different distance metrics (mean ± sd) calculated between the training samples and
the generated samples from ICFM and DL-CFM model trained on the tSZ halo data set. We observe
that, in terms of most distance metrics, both approaches show similar generation quality. DL-CFM
performs marginally better in terms of the Energy metric. Both methods show a large Sinkhorn
distance, with ICFM showing a lower distance than DL-CFM.

3.3 Disentanglement effects
We test whether the guided latents isolate the intended auxiliary information and support con-
trolled generation. (a) Latentauxiliary alignment: We scatter {logM200c, c200c} against the first
five latent coordinates: the first two are auxiliary-guided (zaux) and the next three are representa-
tive reconstruction-focused (zrec). DL-CFM shows near one-to-one, monotonic relationships on the
guided axes and weak correlations elsewhere, consistent with the training objective; the generated
massconcentration trend matches the simulation catalog (Fig. 1). (b) Controlled traversals. We tra-
verse each guided dimension in zaux while holding zrec fixed (Fig. 2). Samples vary systematically
and interpretably along mass and concentration, enabling targeted generation of tSZ halos at desired
(M200c, c200c) without sacrificing fidelity.

Figure 1: Alignment of guided latents with mass
and concentration.

Figure 2: Traversals along guided latents (zaux)
with zrec fixed. Rows: mass, concentration.

(c) Conditional distributional shifts. We illustrate controlled generation by fixing the auxiliary-
guided latents to a low-mass, low-concentration setting, (z1, z2) = (0.001, 0.001) (with z1 and
z2 aligned to mass and concentration), and sampling only the reconstruction-focused latents zrec.
Figure 3 shows generated tSZ halos from two regimes: the center of the zrec distribution (top)
and its tails (bottom). Center samples appear relaxed and single-peaked, whereas tail samples ex-
hibit complex, multi-peaked morphologies indicative of disturbed systems or active merger status.
This conditional shift demonstrates that zrec captures residual structure beyond (M200c, c200c) and
enables targeted sampling for sensitivity analyses and discoverye.g., identifying cases where center-
based concentration estimates under-represent complex, multi-core systems. Additional settings
(high-mass/low-concentration and low-mass/high-concentration) are shown in Appendix C.
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Figure 3: Generating samples from the center (top) and tail (bottom) of the reconstruction-focused
latents zrec, with the first two auxiliary-guided coordinates fixed at (z1, z2) = (0.001, 0.001).

4 Discussion
DL-CFM couples auxiliary-guided latents with conditional flow matching to synthesize tSZ halo maps
with high fidelity and interpretable control. Simple alignment and decorrelation penalties expose
known factors while allowing residual latents to capture remaining unknown variability; these la-
tents generate diverse structures under fixed auxiliary settings. Overall, auxiliary-guided flows offer
a compact route to uniting interpretability with state-of-the-art generative quality. Applying the
method to real data will require careful selection and calibration of auxiliary variables and explicit
treatment of instrumental or systematic effects.
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A.1 Simulations
The simulation set was generated using the Hybrid/hardware Accelerated Cosmology Code (HACC,
Habib et al. [2016]); more specifically, we focus on simulations produced using the CRK-HACC
hydrodynamic solver described in Frontiere et al. [2023]. Initial conditions are generated shortly
after the Big Bang, at redshift z = 200, using the best-fit cosmology derived from the Planck
analysis of the cosmic microwave background (Planck Collaboration et al. [2020]). The simulation
spans a volume of (576 h−1Mpc)3 (comoving) and simulates the evolution of 2× (2304)3 particles
(half dark matter, half gas) all the way to present day, at z = 0. We specifically focus on the “non-
radiative” (or “adiabatic”) version of the hydrodynamic simulation (de Souza Vitório et al. [2025]),
in which all baryonic matter is modeled as gas interacting through hydrodynamic equations, and no
sub-resolution physics are included.

A.2 Halo catalog
In this work, we focus on the very last stage of the simulation (present day, z = 0). A friends-of-
friends (FoF) algorithm is run on the dark matter particles of the simulation to identify halos. For
each halo found by the FoF finder, the center of the halo is defined as the position of the most bound
dark matter particle, and the entire matter distribution (both gas and dark matter) around this position
are used to compute halo properties.

In this work, we focus on a small subset of halo properties, expected to contain most of the
information about a halo and its gas distribution Kéruzoré et al. [2024]:

1. Halo mass M200c, computed as the mass enclosed within a characteristic radius, R200c,
within which the average halo matter density is 200 times greater than the critical density
of the Universe;

2. Halo concentration c200c, quantifying how much of the halo matter is contained in the
center of the halo as opposed to its outskirts;

3. Distance between the halo potential peak and center of mass, ∆x/R200c, known to be an
indicator of the disturbed state of halos (specifically of their merging status, see e.g. Child
et al. [2018];

4. Halo ellipticity, e, and prolaticity, p, quantifying the overall triaxial shape of the halo.

A.3 Image generation
The thermal Sunyaez-Zel’dovich is a spectral distortion of the Cosmic Microwave Background due
to its interaction with free electrons, in particular in the hot plasma forming the intracluster medium
(ICM) of massive halos. The amplitude of this distortion is given by the Compton-y parameter,
proportional to the line-of-sight (LoS) integral of the electron pressure Pe in the ICM:

y =
σT

mec2

∫
LoS

Pe dl, (3)

where σT is the Thompson scattering cross-section, and mec
2 is the electron rest-frame energy.

The images used in this work are maps of the Compton-y parameter in massive (M200c >
1013.5 h−1M⊙) dark matter halos. For each halo, the gas density and temperature is projected on a
3D grid using the cloud-in-cell algorithm. The grid is (64)3 cells, with a box size of (4 × R200c)

3.
The gas pressure is computed as the product of density and pressure, and converted to electron pres-
sure using the ratio of the mean molecular weight of the fully ionized gas and of electrons. The
resulting 3D pressure distribution is then integrated along three orthogonal lines of sight using eq. 3,
resulting in three (64× 64) Compton-y images per halo.

B DL-CFM details and derivations
B.1 Flow matching details
Flow matching attempts to transport samples x0 from a simple source distribution with density p0
to a complex data distribution with density p1. This is done through a time-dependent vector field
ut : [0, 1]× Rp → Rp which defines an ordinary differential equation,

dϕt(x)

dt
= ut(ϕt(x));ϕ0(x) = x0 (4)

where ϕt(x) = xt is the solution of the ODE or flow with the initial condition in Eq 4. The primary
objective of flow matching models is to train a neural network vθ(., t) to learn the ground-truth
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vector field ut. However, the true vector field is unknown for most real-world datasets. Therefore,
the common approach is to fix the conditional vector field ut(.|x0, x) conditioned on the sample
pairs (x0, x) ∼ q(x0, x), where q is a joint distribution with marginals p0 and p1. Following the
ICFM Tong et al. [2023], we fix ut(.|x0, x) = x − x0 and q = p0 × p1 and p0 = N(0, I) as the
source distribution. This leads to the conditional flow matching objective,

LCFM = Ep(t),q(x0,x),pt(xt|x0,x)

[
||vθ(xt, t)− ut(xt|x0, x1)||22

]
(5)

where pt(.|x0, x) is the probability path which we fix to be N(.; tx + (1 − t)x0, σ
2Ip). Following

Theorem 2.1 in Tong et al. [2023], one can show that the fixed vector field ut(.|x0, x) = x − x0

induces this probability path. With p(t) = unif(0, 1), Eq. 5 is a tractable objective which can be
minimized with respect to the neural network parameters θ.

Recent approaches in Samaddar et al. [2025] have extended the CFM model to incorporate data-
driven latent structures. The authors model the data as a latent mixture model governed by the latent
variable z, p1 =

∫
q(z)q(.|z)dz. The latent variables are learned from the data using a pretrained

latent variable model. In this work, we learn the latent variables from the data using a lightweight
encoder model. Instead of pretraining, we train the encoder along with the learned vector field
parameters θ, maximizing the DL-CFM loss in Eq. 2.

B.2 ELBO with conditional prior and closed-form KL
With a Gaussian encoder qϕ(z | x) = N

(
µϕ(x),Σϕ(x)

)
and the prior in (1), the per-sample KL

term admits the closed form

KL(qϕ(z | x) ∥ p(z | u)) = 1
2

[
log
|Σ0|
|Σϕ|

− dZ +
(
µϕ − µ0

)⊤
Σ−1

0

(
µϕ − µ0

)
+ tr

(
Σ−1

0 Σϕ

)]
. (6)

The reconstruction term is Monte Carloestimated via samples from qϕ(z | x).

B.3 Why regulate the expected variational posterior
Let qϕ(z) =

∫
qϕ(z | x)p(x) dx and pθ(z) =

∫
pθ(z | x)p(x) dx. By convexity of KL [Kumar et al.,

2018],

KL
(
qϕ(z) ∥ pθ(z)

)
= KL

(
Ep(x)qϕ(z | x)

∥∥∥Ep(x)pθ(z | x)
)
≤ Ep(x)KL

(
qϕ(z | x) ∥ pθ(z | x)

)
.

(7)

Maximizing the standard ELBO decreases the RHS of (7) but may still leave residual dependencies
in qϕ(z). Our correlation regularizers directly target these dependencies at the population level using
minibatch estimates.

B.4 Correlation-based regularizers
Let v ∈ Rmv and w ∈ Rmw . Define

Σvw = E
[
(v − Ev)(w − Ew)⊤

]
, Corr(v, w) = diag(Σvv)

− 1
2 Σvw diag(Σww)

− 1
2 .

To capture nonlinear relations we use polynomial lifts up to degree K (applied elementwise), and
aggregate:

RK
0 (v, w) =

1

Kmvmw

∑
k ̸=k′

mv∑
i=1

mw∑
j=1

∣∣∣∣Corr(vk, wk′
)
ij

∣∣∣∣ , (8)

RK
1 (v, w) =

1

Kmvmw

∑
k ̸=k′

mv∑
i=1

(
1−

∣∣∣Corr(vk, wk′
)
ii

∣∣∣ ). (9)

Intuition: R0 penalizes generic cross-dependence (off-diagonals), while R1 rewards one-to-one
alignment (diagonals close to ±1).

Surrogate with encoder means. Let µϕ(x) = E[z | x]. For polynomials k, k′, by the law of total
variance,

Cov
(
uk, zk

′

rec

)
= E(x,u)

[
Cov

(
uk, zk

′

rec | x, u
)︸ ︷︷ ︸

=0

]
+Cov(x,u)

(
uk, E[zk

′

rec | x]
)
= Cov(x,u)

(
uk, µk′

ϕ,rec

)
,

(10)

and analogously for the guided block. Hence, batch correlations of µϕ suffice to estimate dependen-
cies.
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B.5 Instantiating Align and Decorr

We use

Align(uj , µϕ,aux,j) = 1−RK
1 (uj , µϕ,aux,j), Decorr(a, b) = RK

0 (a, b),

which produces the main loss in (2). Both terms are scale-free and computed from standardized
batch statistics; K∈{1, 2} works well in practice.

B.6 Training and inference algorithms
Algorithm A.1 shows the training steps of DL-CFM. Given n images, the regularizers, and the initial-
ized networks, we draw a single sample zi from the encoder distribution qϕ(.|xi) for each xi. These
are concatenated with the noisy samples xti

i and the noise level ti and passed through the vector
field network vθ(., ., .). The latent variables, the output of the vector field network, and the true
conditional vector field target are used in the disentangled loss in Eq. 2, which is optimized with
respect to the parameters θ, ϕ.

Algorithm A.1 DL-CFM training

1: Given n sample (x1, ..., xn) from p1(.), regularizers β, λ1, λ2

2: Initialize vθ(·, ·, ·) and encoder layer parameters ϕ
3: for k steps do
4: Sample latent variables zi ∼ qϕ(.|xi) for all i = 1, ..., n
5: Sample (x0

1, ..., x
0
n) from N (0, I) and noise levels (t1, ..., tn) from Unif(0, 1) and compute

(ut1(.|x0, x), ..., utn(.|x0, x))
6: compute vθ(x

ti
i , zi, ti) where xti

i is the corrupted i-th data at noise level ti
7: Compute ∇LDL-CFM and update θ, ϕ
8: end for
9: return vθ̂(·, ·, ·), qϕ̂(.|x)

Algorithm A.2 shows the inference procedure for DL-CFM. Following Samaddar et al. [2025], we
reuse the training data to draw samples from DL-CFM. Given the budget of K samples, a random
batch of K training data is sampled, then passed through the encoder to draw samples from the
latent space. For each latent sample zi, we iteratively solve the ODE in Eq. 4 for h steps. Fig. A.1
shows the schematic of the DL-CFM inference procedure. Note that the latent sampling is performed
once during the inference and fixed for h ODE denoising steps.

Algorithm A.2 DL-CFM inference

1: Given sample size K, trained vθ̂(., ., .) and qϕ̂(.|x), number of ODE steps node

2: Select K training samples (xtrain
1 , ..., xtrain

K )
3: Sample latent variables zi ∼ qϕ̂(.|x

train
i ) for all i = 1, ...,K

4: Sample (x0
1, ..., x

0
n) from N (0, I)

5: h← 1
node

6: for t = 0, h, ..., 1− h and i = 1, ...,K do
7: xt+h

i = ODEstep(vθ̂(x
t
i, zi, t), x

t
i)

8: end for
9: return Samples (x1, ..., xK)

B.7 Implementation details
The models trained have the same U-Net architecture from Tong et al. [2023]. For I-CFM, the model
takes the input (xt, t), the variables are projected onto an embedding space and concatenated along
the channel dimension, then passed through the U-Net layers to output the learned vector field.

In DL-CFM, we use a deep convolutional neural network as the encoder network. The network
consists of four convolutional downsampling blocks, where each convolutional layer is followed
by a batch normalization and a leaky ReLU activation. The output is then passed through two
dilated convolution blocks with batch normalization and leaky ReLU activation. The output from
the convolutional encoder is flattened and passed through a linear layer to predict the mean and the
log-variance of the latent space. Using the reparameterization trick Kingma and Welling [2022], we
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Figure A.1: Schematic of the DL-CFM inference. Given a training sample, we fix the sampled latent
from the disentangled latent space. The latent variable is used in the vector field network to evolve
the source samples to the data distribution. For demonstration, we show two snapshots of the itera-
tive reverse process at t = 0.5 (left) and t = 1 (right) using the vector field U-Net.

Hyperparameters tSZ data
Train set size 10,142

# steps 240K
Training batch size 128

Optimizer Adam
Learning rate 2e-4

Latent dimension 256
Number of model channels 128
Number of residual blocks 2

Channel multiplier [1, 2, 2, 2]
Number of attention heads 4

Dropout 0.1
(β, λ1, λ2) (8e-5, 8e-2, 1e-2)

Probability path σ 0

Table A.1: Hyperparameter settings used for DL-CFM model training on the tSZ dataset.

sample the latent variable and project it to the embedding space of the CFM model using a single
trainable MLP layer. These feature embeddings are added (Fig. A.1) to the time embeddings and
passed to the U-Net. We use the same U-Net architecture as the ICFM for all experiments. The
model is trained using the loss in Eq. 2 to enforce disentanglement in the latent spaces. Other
hyperparameters and their fixed values are presented in Table A.1. For both models, inference was
performed using the adaptive dopri5 solver.

The code for training and evaluation of DL-CFM can be found in https://anonymous.4open.
science/r/Latent_CFM-66CF.

B.8 Computational cost

Both ICFM and DL-CFM models were trained using NVIDIA A100 GPUs. For both models, it took
∼ 24 hours to complete 240K training steps.
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Figure A.2: Generating samples from the center of the reconstruction-focused latents zrec, with
the first two auxiliary-guided coordinates fixed at (z1, z2) = (0.001, 0.9) - low-mass high-
concentration setting.

C Additional experimental results

11



Figure A.3: Generating samples from the tail of the reconstruction-focused latents zrec, with the first
two auxiliary-guided coordinates fixed at (z1, z2) = (0.001, 0.9) - low-mass high-concentration
setting.
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Figure A.4: Generating samples from the center of the reconstruction-focused latents zrec, with
the first two auxiliary-guided coordinates fixed at (z1, z2) = (0.9, 0.001) - high-mass low-
concentration setting.
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Figure A.5: Generating samples from the tail of the reconstruction-focused latents zrec, with the first
two auxiliary-guided coordinates fixed at (z1, z2) = (0.9, 0.001) - high-mass low-concentration
setting.

14



Figure A.6: The auxiliary-guided latents maintain the inter-dependency between halo mass and
concentration, yielding consistent M200cc200c dependency structure.
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