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ABSTRACT

Disentangling the latent factors that drive cellular responses remains challenging
for generative and predictive models of single-cell data, particularly under perturba-
tions where multiple biological programs co-activate. We propose PD-scWorld, an
intervention-aware latent world model in which each latent factor zk is encouraged
to respond selectively to specific perturbations and covariates, using only weak
biological supervision in the form of pathway tags for perturbed genes rather than
full factor labels. Given paired pre/post states, the model learns action-conditioned
transitions z′ = Tψ(z, a) while constraining the perturbation-induced change
∆z = z′ − z to be group-sparse across latent dimensions associated with the
pathway of (a). Concretely, we introduce a pathway-conditional regularizer that
penalizes dispersion of ∆zk outside the designated latent group, combining group
sparsity with a variance-based term

∑
k Var(∆zk | a) to localize consistent effects

and suppress entangled drift. This yields latents that align with known biological
programs while retaining predictive flexibility for unseen perturbations. We evalu-
ate on Perturb-seq and related CRISPR single-cell screens using gene-to-pathway
mappings and cell-cycle annotations, measuring (i) mutual information between
latents and covariates, (ii) recovery of pathway-specific responses, and (iii) coun-
terfactual consistency under targeted rollouts. Across datasets, the proposed model
produces cleaner factorization and more interpretable perturbation mechanisms
than β-VAE and unstructured latent dynamics baselines, while improving accuracy
of perturbation effect prediction and robustness to covariate shifts.

1 INTRODUCTION

Single-cell perturbation technologies such as CRISPR-based screens have enabled systematic interro-
gation of gene function by measuring cellular responses at scale. Recent generative and world-model
approaches have shown promise in modeling these data, learning latent representations that capture
cellular state and predicting responses to genetic or chemical interventions (Baek et al., 2024; Sadria &
Layton, 2025). However, most existing models prioritize predictive accuracy or reconstruction fidelity,
often learning entangled latent spaces in which multiple biological processes are conflated (Choi
et al., 2023; Fu et al., 2026). While post-hoc probing or disentanglement penalties can reveal some
structure, the resulting latent factors rarely align cleanly with known biological programs (Sun et al.,
2025). This limits the interpretability and scientific utility of learned representations, particularly
when models are used to reason about mechanisms of perturbation.

A central challenge in perturbation modeling is that interventions are not arbitrary: most perturbations
are designed to target specific pathways, regulatory modules, or cellular programs. Yet current
latent-variable models typically treat perturbations as unstructured inputs, allowing their effects to
diffuse broadly across the latent space (Sadria & Layton, 2025; Li et al., 2022). Fully supervised
factor labeling is infeasible, as true latent biological programs are only partially known and often
context-dependent. This raises a key question: can we guide latent disentanglement using weak,
structured biological knowledge, such as pathway annotations, without sacrificing predictive power
or generalization? Addressing this question is essential for moving from black-box perturbation
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Figure 1: Pathway-guided intervention world model. The encoder maps pre- and post-perturbation profiles
to latents z and ztgt. An action-conditioned transition predicts z′ = z + ∆z and is trained with a predictive
JEPA loss. Weak pathway tags P(a) regularize the change ∆z, encouraging perturbation effects to localize to
pathway-associated latent groups while preserving predictive accuracy.

predictors to models that support mechanistic reasoning and counterfactual analysis (Lopez et al.,
2023; Sun et al., 2025; Roohani et al., 2023).

A complementary line of work comes from world modeling, where agents learn compact latent
representations of environment dynamics to support prediction, planning, and counterfactual rea-
soning. In model-based reinforcement learning, world models learn latent transition dynamics that
can be rolled forward under different actions, enabling imagination-based decision making (Ha &
Schmidhuber, 2018; Hafner et al., 2019; 2020). More recently, large-scale foundation world models
have extended this paradigm through massive video pretraining, producing temporally coherent and
controllable simulations across diverse domains (Bruce et al., 2024; Agarwal et al., 2025; Decart et al.,
2024). In the biological domain, virtual cell world models have begun to adopt this perspective by
treating cellular systems as dynamical environments evolving under perturbations. Notably, VCWorld
introduces a biological world model that integrates structured biological knowledge with iterative
reasoning to simulate perturbation-induced signaling cascades, producing interpretable, stepwise
predictions alongside mechanistic hypotheses (Wei et al., 2025). While such approaches represent
an important step toward interpretable virtual cell simulators, existing world models—both in RL
and biology—often prioritize predictive realism or symbolic reasoning in isolation, leaving open the
question of how to learn data-driven latent dynamics that are simultaneously predictive, interpretable,
and aligned with weak biological structure. This gap is especially salient in single-cell perturbation
settings, where interventions provide explicit causal signals and latent dynamics must support both
accurate prediction and mechanistic attribution.

In this work, we introduce PD-scWorld, an intervention-aware world model that explicitly encourages
pathway-selective latent responses under perturbations, using only weak supervision in the form
of gene-to-pathway mappings, as outlined in Figure 1. Our method learns action-conditioned
latent transitions while imposing a group-sparse regularization that localizes perturbation-induced
changes to subsets of latent factors associated with the targeted pathway. This design yields a
latent space in which factors correspond more cleanly to biological programs, enabling interpretable
attribution of perturbation effects. We demonstrate that the proposed approach achieves clearer
disentanglement and higher mutual information with known covariates than β-VAE and unstructured
latent dynamics baselines. Finally, through counterfactual rollouts on Perturb-seq datasets, we
show that pathway-guided latents support more stable and biologically coherent reasoning about
perturbation mechanisms.

2 METHODOLOGY

We model single-cell perturbation responses using a latent world model that explicitly separates a
cell’s baseline state from the changes induced by an intervention. Given a pre-perturbation cell state
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and a perturbation action, the model predicts how the latent representation should change, rather than
directly reconstructing the post-perturbation profile, as outlined in Figure 1. To make these latent
changes interpretable, we use weak pathway annotations to encourage each perturbation to affect
only a small, consistent subset of latent factors associated with the targeted biological programs.
This is achieved by regularizing the perturbation-induced latent update, while leaving the rest of the
representation flexible. As a result, the model remains predictive while producing disentangled latent
factors that align with known biological processes and support counterfactual reasoning.

2.1 PROBLEM FORMULATION

We study single-cell perturbation datasets consisting of paired cellular states observed before and after
an intervention. Let x ∈ RG denote a cell’s molecular profile (e.g., gene expression over G genes),
and let a ∈ A denote a perturbation action such as a CRISPR knockout or drug treatment. Each
perturbation a is associated with a (possibly empty) set of pathway annotations P(a) ⊆ {1, . . . , P},
where pathways correspond to weakly defined biological programs (e.g., cell cycle, interferon
signaling).
We assume access to paired samples (x, x′, a), where x′ denotes the post-perturbation cellular
state. Our goal is to learn a latent world model with an encoder fθ, a latent state z ∈ RK , and an
action-conditioned transition function Tψ such that z = fθ(x), z′ = Tψ(z, a), and z′ accurately
predicts the post-perturbation observation x′. Crucially, we seek a disentangled latent space in
which individual latent factors respond selectively to perturbations associated with specific biological
pathways, despite having access only to weak pathway-level supervision.

2.2 LATENT WORLD MODEL ARCHITECTURE

Our model consists of three components: an encoder fθ : RG → RK that maps observed cellular
profiles to latent states, an action-conditioned transition model Tψ that predicts post-perturbation
latents, and a decoder gϕ : RK → RG that reconstructs molecular profiles from latent representations.
The transition model is implemented as a residual update

z′ = z +∆z = z + hψ(z, a), (1)

where ∆z explicitly represents the perturbation-induced change in latent space. This residual
formulation isolates what changes under an intervention and enables targeted regularization of
perturbation effects without constraining the full latent representation.

2.3 PREDICTIVE LATENT WORLD-MODEL OBJECTIVE

To learn stable latent dynamics without contrastive sampling, we adopt a predictive objective inspired
by joint-embedding predictive architectures. Given a pre- and post-perturbation pair (x, x′), we
minimize

Lpred = ∥sg(fθ(x′))− Tψ(fθ(x), a)∥
2

2 , (2)

where sg(·) denotes the stop-gradient operator. This objective encourages the predicted post-
perturbation latent to match the encoded target latent while preventing representational collapse by
blocking gradients through the target branch.
To ensure fidelity to observed molecular profiles, we optionally include a reconstruction loss

Lrec = ∥gϕ(z)− x∥22 + ∥gϕ(z′)− x′∥22. (3)

2.4 PATHWAY-GUIDED DISENTANGLEMENT VIA GROUP-SPARSE REGULARIZATION

To encourage selective latent responses to perturbations, we associate each pathway p ∈ {1, . . . , P}
with a subset of latent dimensions Zp ⊆ {1, . . . ,K}. These associations are soft and learned jointly
with the model rather than fixed or manually specified.
For a given perturbation a, only latent dimensions associated with pathways in P(a) should exhibit
consistent changes across cells. We enforce this inductive bias by regularizing the perturbation-
induced change ∆z.
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Variance-based localization. We penalize latent drift outside the targeted pathway groups using

Lvar(a) =
∑

k/∈∪p∈P(a)Zp

Var(∆zk | a) , (4)

where the variance is computed across cells subjected to the same perturbation. This term suppresses
spurious and inconsistent latent responses unrelated to the perturbation’s biological target.

Group sparsity penalty. To further localize effects, we impose a group-sparsity constraint

Lgroup(a) =
∑

p/∈P(a)

∥∥∆zZp

∥∥
2
, (5)

which discourages coordinated changes in latent groups unrelated to the targeted pathways.
Together, these regularizers encourage perturbations to activate small, stable subsets of latent factors
aligned with known biological programs.

2.5 OVERALL TRAINING OBJECTIVE

The complete training objective is

L = Lpred + λrecLrec + λvarLvar + λgroupLgroup, (6)

where λrec, λvar, and λgroup control the strength of reconstruction and pathway-guided regularization.
Importantly, pathway annotations influence learning only through regularization on ∆z, allowing the
model to generalize to unseen perturbations and pathways.

2.5.1 RELATIONSHIP TO EXISTING LATENT MODELING OBJECTIVES

To clarify the role of the proposed objective, we compare PD-scWorld with common latent vari-
able models for single-cell data, including β-VAE, FactorVAE, and scVI. Although all learn low-
dimensional representations of high-dimensional gene expression, they differ in how the latent space
is structured and how biological variation is organized within it.

Shared Representation Learning Structure. All models follow a similar representation-learning
paradigm: an encoder maps gene expression profiles to a latent space, and a decoder reconstructs the
molecular profile from the latent representation. Formally, given a cell expression vector x ∈ RG, each
method learns an encoder fθ(x) and decoder gϕ(z) defining a compressed cell-state representation.
In this sense, PD-scWorld shares the same autoencoding backbone used by β-VAE, FactorVAE, and
scVI.

The primary differences arise in the constraints imposed on the latent space and how perturbations
are incorporated into training.

β-VAE and FactorVAE: Independence-Based Disentanglement. β-VAE and FactorVAE aim to
produce disentangled representations by encouraging statistical independence among latent variables.
Both extend the standard VAE objective

LVAE = Eqθ(z|x)[log pϕ(x|z)]−KL
(
qθ(z|x)∥p(z)

)
. (7)

β-VAE increases the KL weight,

Lβ-VAE = Eqθ(z|x)[log pϕ(x|z)]− βKL
(
qθ(z|x)∥p(z)

)
, (8)

where β > 1 promotes stronger factor independence. FactorVAE instead penalizes latent total
correlation:

LFactorVAE = LVAE − γ TC(z). (9)

While effective in synthetic settings, strict independence assumptions can conflict with biological
systems, where regulatory pathways and transcriptional programs exhibit coordinated activity.
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scVI: Probabilistic Modeling of Gene Expression. scVI focuses on modeling the statistical
structure of transcriptomic counts using a hierarchical generative model with a negative binomial
likelihood:

p(x|z) = NB(µ(z), θ). (10)

Latent variables capture biological variability while explicitly modeling technical factors such as
sequencing depth. Although scVI produces useful embeddings for clustering and batch correction,
it does not explicitly model perturbation dynamics, so intervention effects are typically entangled
within the latent space.

PD-scWorld: Dynamics-Aware Disentanglement. PD-scWorld differs by modeling perturba-
tions as explicit latent transitions. Rather than constraining the marginal latent distribution, the
model learns an action-conditioned transition function and optimizes the predictive latent alignment
objective in Eq. 2. The model must therefore learn representations that evolve predictably under inter-
ventions. Disentanglement is encouraged through regularization of the perturbation-induced update
∆z = Tψ(z, a) − z, which is biased to activate pathway-associated latent groups. Consequently,
disentanglement is imposed on latent dynamics rather than static distributions, and weak biological
knowledge (pathway annotations) guides latent organization.

In summary, β-VAE and FactorVAE enforce independence-based disentanglement, scVI emphasizes
probabilistic modeling of gene expression counts, and PD-scWorld instead leverages perturbation
structure to learn dynamics-aware latent representations aligned with biological pathways.

2.6 COUNTERFACTUAL ROLLOUTS AND INTERPRETABILITY

Once trained, the model supports counterfactual reasoning by simulating latent transitions under
arbitrary perturbations:

ẑ(t+1) = Tψ

(
ẑ(t), at

)
. (11)

Inspecting which latent dimensions change under specific actions provides interpretable attributions
linking perturbations to biological programs.
We quantify interpretability using mutual information between latent dimensions and known covari-
ates, pathway selectivity scores measuring concentration of ∆z, and the stability of latent responses
under repeated or composite perturbations.

2.7 RELATION TO EXISTING DISENTANGLEMENT APPROACHES

Unlike β-VAE-style methods that enforce global independence constraints, our approach introduces
intervention-conditional disentanglement, aligning latent structure with perturbation semantics.
Compared to fully supervised factor models, it avoids brittle labeling assumptions while leveraging
weak biological knowledge to guide representation learning.

3 EXPERIMENTS

Datasets. We evaluate the proposed pathway-guided intervention-aware world model on CRISPR-
based single-cell perturbation datasets derived from Perturb-seq experiments (Dixit et al., 2016),
which provide paired pre- and post-perturbation gene expression profiles at single-cell resolution.
Each perturbation is mapped to one or more biological pathways using curated gene-to-pathway
annotations, such as cell-cycle regulation, interferon signaling, and DNA damage response. These
pathway annotations are used exclusively as weak structural priors during training and never as
direct supervision on latent variables. To assess generalization, we split data by perturbation identity,
ensuring that perturbations appearing in the test set are never observed during training.

Baselines. We compare against a range of representative baselines that capture common approaches
to latent modeling and disentanglement in single-cell analysis. These include β-VAE (Higgins et al.,
2017) and FactorVAE (Kim & Mnih, 2019), which enforce disentanglement through global indepen-
dence constraints, scVI (Lopez et al., 2018) as a probabilistic latent-variable model widely used in
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single-cell genomics, an action-conditional autoencoder that incorporates perturbation embeddings
without structural regularization, and an unstructured latent world model that shares our architecture
but omits pathway-guided constraints. All baselines are matched in latent dimensionality and network
capacity to isolate the effect of pathway-guided disentanglement.

Evaluation Protocols. Evaluation is performed under three complementary regimes. First, we
assess perturbation prediction by measuring how accurately models predict post-perturbation ex-
pression states from pre-perturbation inputs and actions, focusing on held-out perturbations to test
extrapolation. Second, we evaluate disentanglement and interpretability by quantifying the alignment
between latent dimensions and known biological covariates, including pathway activation and cell-
cycle phase, which are not used for training supervision. Third, we analyze counterfactual rollouts by
simulating targeted perturbations in latent space and examining the consistency and localization of
latent changes across cells subjected to the same intervention.

Evaluation Metrics. Predictive performance is evaluated using mean squared error (MSE) between
predicted and observed post-perturbation expression,

MSE = E
[
∥x̂′ − x′∥22

]
, (12)

as well as differential expression (DE) recovery, measured by the Pearson correlation between
predicted and observed log-fold changes across genes,

DE-Corr = corr(∆x̂,∆x) , ∆x = log x′ − log x. (13)

Disentanglement quality is quantified using the mutual information between individual latent dimen-
sions zk and known biological covariates c (e.g., pathway activity or cell-cycle phase),

MI(zk, c) = Ezk,c
[
log

p(zk, c)

p(zk) p(c)

]
, (14)

with reported scores corresponding to the maximum or average mutual information across latent
dimensions, depending on the evaluation.

To assess localization of perturbation effects, we define a pathway selectivity score measuring the
fraction of perturbation-induced latent change concentrated within pathway-associated latent groups,

Sel(a) =
∥∆zZP(a)

∥1
∥∆z∥1

, ∆z = Tψ(z, a)− z, (15)

where ZP(a) =
⋃
p∈P(a) Zp.

Interpretability and stability are further evaluated by measuring off-target latent variance,

OffVar(a) =
∑

k/∈ZP(a)

Var(∆zk | a) , (16)

which penalizes inconsistent latent changes unrelated to the targeted pathways. Finally, counterfactual
rollout consistency is assessed using the average pairwise cosine similarity of latent transitions across
cells subjected to the same perturbation,

Cons(a) = Ei̸=j
[

∆z⊤i ∆zj
∥∆zi∥2 ∥∆zj∥2

]
, (17)

where higher values indicate more stable and coherent latent dynamics under intervention.

Implementation Details. All models employ two-layer multilayer perceptrons with ReLU activa-
tions for the encoder and decoder, using a hidden dimension of 256 and a latent dimensionality of
32. Perturbations are represented using learned action embeddings of dimension 64 and integrated
into the transition model via concatenation with latent states. Models are trained using the Adam
optimizer with a learning rate of 10−3 and batch size of 256 for up to 200 epochs, with early stopping
based on validation predictive loss. The reconstruction loss weight is fixed to 1.0, while the pathway-
guided variance and group-sparsity regularization coefficients are selected from 0.1, 0.5, 1.0 and
0.01, 0.05, 0.1, respectively, based on validation trade-offs between predictive accuracy and mutual
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information. All experiments are repeated over three random seeds, and we report mean performance
with standard deviation.
Across all datasets and evaluation settings, the proposed model achieves predictive accuracy compa-
rable to or exceeding that of unstructured latent baselines, while substantially improving latent factor
interpretability. In particular, perturbation-induced latent changes are more consistently localized to
pathway-relevant dimensions, yielding higher mutual information with known covariates and reduced
off-target variance compared to β-VAE and FactorVAE. Counterfactual rollouts further demonstrate
that pathway-guided latents exhibit stable, biologically coherent responses across cells, supporting
reliable mechanistic interpretation without sacrificing predictive performance.

4 EXPERIMENTAL RESULTS

4.1 OVERALL PERFORMANCE

We first evaluate predictive performance on held-out perturbations to verify that pathway-guided
disentanglement does not compromise accuracy. As shown in Table 1, the proposed model matches or
slightly outperforms unstructured latent world models and scVI in post-perturbation expression pre-
diction, while significantly outperforming β-VAE and FactorVAE baselines. Notably, reconstruction-
focused disentanglement methods suffer from reduced predictive accuracy, suggesting that global
independence constraints interfere with modeling structured perturbation effects. In contrast, our
intervention-aware regularization preserves predictive capacity by constraining only the direction and
localization of latent changes rather than the full latent distribution.

Table 1: Post-perturbation prediction performance on held-out perturbations.

Model MSE ↓ DE Corr. ↑
scVI 0.184 ± 0.006 0.62 ± 0.02
β-VAE 0.231 ± 0.011 0.48 ± 0.03
FactorVAE 0.219 ± 0.009 0.51 ± 0.02
Action-conditional AE 0.176 ± 0.005 0.64 ± 0.01
Unstructured world model 0.171 ± 0.004 0.66 ± 0.01
PD-scWorld (ours) 0.168 ± 0.004 0.68 ± 0.01

4.2 LATENT DISENTANGLEMENT AND INTERPRETABILITY

We next assess latent disentanglement and interpretability by measuring the alignment between latent
dimensions and known biological covariates. Table 2 reports the maximum mutual information be-
tween individual latent factors and pathway activity scores, as well as the average mutual information
with cell-cycle phase annotations. While β-VAE and FactorVAE increase marginal independence,
they fail to produce factors that align consistently with biological programs. In contrast, the proposed
method yields substantially higher mutual information with known covariates, indicating that latent
factors correspond more directly to meaningful biological processes.

Table 2: Latent interpretability measured by mutual information (MI) with known covariates.

Model Max MI (Pathway) ↑ Avg MI (Cell Cycle) ↑
β-VAE 0.09 ± 0.01 0.07 ± 0.01
FactorVAE 0.11 ± 0.01 0.09 ± 0.01
scVI 0.14 ± 0.02 0.12 ± 0.02
Unstructured world model 0.17 ± 0.01 0.15 ± 0.01
PD-scWorld (ours) 0.28 ± 0.02 0.24 ± 0.02

To directly evaluate whether perturbation effects are localized to pathway-relevant latent factors,
we analyze the distribution of perturbation-induced latent changes ∆z. Table 3 reports the pathway
selectivity score, defined as the proportion of latent change magnitude concentrated within pathway-
associated latent groups, along with the variance of latent changes outside those groups. The
proposed model achieves substantially higher selectivity and lower off-target variance, indicating that
perturbations activate compact and consistent subsets of latent dimensions. In contrast, unstructured
models exhibit diffuse latent responses, and β-VAE-style approaches suppress variance globally
rather than selectively.
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Table 3: Localization of perturbation effects in latent space.

Model Pathway Selectivity ↑ Off-target Var. ↓
β-VAE 0.31 ± 0.04 0.082 ± 0.009
FactorVAE 0.35 ± 0.03 0.075 ± 0.008
Unstructured world model 0.42 ± 0.02 0.061 ± 0.006
PD-scWorld (ours) 0.67 ± 0.03 0.029 ± 0.004

Finally, we quantify the stability of latent dynamics under repeated interventions by evaluating
counterfactual rollouts across cells subjected to the same perturbation. Specifically, we measure the
average pairwise cosine similarity between perturbation-induced latent changes, as well as multi-step
rollout error over repeated applications of the same intervention. As shown in Table 4, the proposed
model produces significantly more consistent latent transition directions and lower rollout drift than all
baselines. In contrast, unstructured and reconstruction-driven models exhibit high variability across
cells, limiting their utility for mechanistic interpretation. These results confirm that pathway-guided
regularization yields stable and coherent latent dynamics under intervention.

Table 4: Counterfactual rollout stability under repeated perturbations. Higher consistency and lower rollout
error indicate more stable latent dynamics.

Model Latent Consistency ↑ 2-step Rollout Error ↓
β-VAE 0.41 ± 0.05 0.213 ± 0.018
FactorVAE 0.44 ± 0.04 0.198 ± 0.016
scVI 0.53 ± 0.03 0.172 ± 0.014
Unstructured world model 0.61 ± 0.02 0.156 ± 0.012
PD-scWorld (ours) 0.78 ± 0.02 0.112 ± 0.010

5 DISCUSSION

Our results demonstrate that pathway-guided, intervention-aware disentanglement provides a practical
middle ground between fully unsupervised representation learning and brittle, fully supervised factor
models. By constraining only the perturbation-induced change in latent space rather than the full
latent distribution, the proposed approach preserves predictive accuracy while yielding substantially
more interpretable latent factors. This distinction is critical in perturbation modeling, where the goal
is not merely to reconstruct post-intervention states, but to understand which biological programs are
affected and how. The strong improvements in pathway selectivity and latent consistency suggest
that weak biological structure, when incorporated at the level of dynamics, can meaningfully shape
representation geometry.

A key insight from this work is that disentanglement in biological systems is inherently conditional
on intervention. Unlike static datasets where factors may be globally independent, cellular responses
reflect context-dependent activation of overlapping programs. Methods that enforce global inde-
pendence, such as β-VAE-style objectives, suppress this structure and lead to degraded predictive
performance. In contrast, intervention-conditional regularization aligns more naturally with the causal
semantics of perturbation experiments, enabling latent factors to remain entangled when appropriate
and disentangled only when an action provides identifying signal.

The counterfactual rollout analysis further highlights the value of viewing perturbation modeling
through the lens of world models. Stable multi-step latent transitions indicate that the learned
dynamics capture consistent, reusable structure rather than memorizing single-step mappings. This
property is essential for downstream applications such as combinatorial perturbation prediction,
target prioritization, and mechanistic hypothesis generation. While our experiments focus on single
perturbations, the framework naturally extends to sequences of interventions and time-resolved
perturbation data.

There are several limitations worth noting. First, pathway annotations are incomplete and context-
dependent, and incorrect or overly broad pathway mappings may introduce bias into the learned latent
structure. Second, while the proposed regularization improves interpretability, it does not guarantee
identifiability of latent factors in a formal sense. Finally, our evaluation is restricted to transcriptomic
readouts; extending the approach to multi-omic perturbation data is an important direction for future
work.
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6 RELATED WORK

Deep generative models have become a cornerstone in single-cell representation learning and per-
turbation modeling, often built on variational autoencoders (VAEs) or their extensions. Classic
VAE-based frameworks have been used for interpretable embedding of single-cell transcriptomes,
enabling the identification of gene modules or hierarchical cell states by modifying decoder struc-
tures to reflect biological signals (Choi et al., 2023). Extensions such as Lorentz-regularized VAE
introduce geometric constraints to balance fine-grained fidelity and global structure in latent space,
demonstrating improved latent geometry and biological interpretability across multi-scale single-cell
data (Fu et al., 2026). Other models like scVAEDer integrate deep diffusion models with VAEs to
capture both global structure and local variation, enabling perturbation prediction and generation
of novel cellular states but often without explicit aim toward disentangled causal factors (Sadria
& Layton, 2025). Generative frameworks tailored for perturbation data, such as CRADLE-VAE,
incorporate counterfactual reasoning to separate technical artifacts from biological effects, improving
treatment effect estimation and generative quality (Baek et al., 2024). However, these methods typi-
cally focus on artifact disentanglement or generative quality rather than aligning latent geometry with
perturbation semantics, leaving a gap for dynamics-aware, intervention-conditional representations.

Beyond generic generative modeling, several works explicitly investigate disentanglement and causal
inference in single-cell latent spaces. For example, models based on sparse mechanism shift assume
that perturbations target sparse subsets of latent variables, enabling recovery of causal factors and
generalization to unseen conditions under certain assumptions (Lopez et al., 2023). Similarly, scDRP
leverages disentangled latent representations to separate perturbation-dependent and independent
components for individualized treatment effect estimation in complex exposure scenarios (Sun
et al., 2025). More recently, virtual cell world models such as VCWorld have proposed biologically
grounded simulators that integrate structured biological knowledge and iterative reasoning to produce
interpretable, stepwise predictions of perturbation effects (Wei et al., 2025). While these approaches
advance interpretability and causal reasoning, they either rely on strong assumptions about distribution
shifts or emphasize symbolic and rule-based reasoning rather than learning compact, data-driven
latent dynamics. Other single-cell representation learning methods focus on multi-view integration
across modalities (e.g., RNA and ATAC) or embedding biological priors such as intercellular signaling
to improve clustering and biological contextualization (Li et al., 2022; Qi et al., 2025). In contrast,
our work uses weak pathway-level supervision to guide disentanglement of learned latent dynamics
under perturbations, bridging structured biological knowledge with predictive world-model learning
tailored to single-cell interventions.

In contrast to prior generative and disentanglement approaches, our method guides representation
learning using weak pathway-level supervision applied specifically to perturbation-induced latent
dynamics rather than static latent structure. This intervention-conditional design yields interpretable,
stable latent factors without sacrificing predictive accuracy or requiring strong causal assumptions.

7 CONCLUSION

We introduced an intervention-aware latent world model for single-cell perturbation data that lever-
ages weak pathway supervision to guide disentanglement of biological factors. By regularizing
perturbation-induced latent changes rather than static representations, the proposed method achieves
a latent space that is simultaneously predictive, interpretable, and stable under intervention. Empirical
results on Perturb-seq datasets show consistent improvements in pathway alignment, localization of
perturbation effects, and counterfactual rollout stability over both reconstruction-driven disentangle-
ment methods and unstructured world models.

More broadly, this work suggests that effective disentanglement in biological systems should be
framed as a dynamics-aware problem, where interventions provide the key signal for separating
underlying programs. We believe this perspective opens new opportunities for integrating causal rea-
soning, weak biological knowledge, and world-model learning in genomics. Future work will explore
extensions to multi-omic perturbations, combinatorial interventions, and downstream applications in
drug discovery and functional genomics.
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