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Abstract. Latent world models roll observations forward accurately on
factual transitions, but their predictive latents are typically entangled
and weakly aligned with the underlying causal factors; as a result, they
degrade under interventions and on counterfactual queries. We address
this with CausalVAE, a plug-in structural module that attaches to di-
verse encoder–transition backbones and organizes their latents through
a learned directed acyclic graph (DAG) over causal factors, without
altering the base prediction architecture. Across four benchmarks and
eight backbones, the plug-in largely preserves factual retrieval while im-
proving intervention-aware counterfactual retrieval on most backbone–
benchmark pairs; the gains are benchmark- and backbone-dependent
rather than universal. Improvements are largest on the Physics bench-
mark: for a graph-network backbone trained with a negative-log-likelihood
objective, counterfactual H@1 (CF-H@1) rises from 11.0 to 41.0, with
several other backbones gaining +10 to +30 CF-H@1 points. A causal
analysis further shows that the learned structure recovers meaningful
first-order physical interaction trends, supporting the interpretability of
the latent causal structure.

Keywords: World Models · Causal Representation Learning · Counter-
factual Reasoning · Structured Latent Dynamics

1 Introduction

Generalization under distribution shifts, interventions, and mechanism changes
remains a central challenge for visual model-based learning [18]. World models
achieve strong predictive performance by compressing observations into latent
states and rolling them forward under actions [5, 6, 8], but predictive latents
are often entangled and weakly aligned with underlying causal factors, limiting
out-of-distribution robustness.
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Recent work on causal representation learning argues that discovering high-
level causal variables from low-level sensory inputs is essential for robust gen-
eralization and transfer [18]. In parallel, object-centric representation learning
provides a compositional inductive bias by decomposing scenes into sets of object
slots, improving systematic generalization [3, 4, 14]. However, neither standard
world models nor generic object-centric models explicitly enforce that latent
factors obey a directed acyclic graph (DAG) causal structure. This limitation is
critical: without an explicit structural causal model, latent interventions are not
identifiable, so counterfactual rollouts can deviate from physically valid alterna-
tive trajectories.

To address this, we integrate a structured causal disentanglement module into
a world-model pipeline. Our structural branch adopts the CausalVAE causal
layer to map independent exogenous factors into causally related endogenous
variables, while learning a DAG over the latent factors [20]. We encourage
acyclicity via a differentiable DAG constraint inspired by continuous optimiza-
tion approaches for structure learning [21]. Because our setting is sequential and
action-conditioned, existing static causal representation methods (e.g., Causal-
VAE in i.i.d. settings) cannot be directly applied for stable multi-step dynamics.
Therefore, we introduce a staged training strategy that first learns predictive
dynamics and then progressively activates structural regularization, while using
alignment-only weak supervision to anchor latent coordinates (instead of the
auxiliary-variable conditional prior used in identifiable VAE analyses [10]). This
design yields an interpretable causal state space that supports intervention-style
reasoning and improves robustness in model-based prediction.

Our contributions are: (i) a plug-in causal structural module for latent
world models, which can be combined with diverse representative world-modeling
baselines used in our experiments; (ii) a latent world-model formulation that ex-
plicitly captures causal relationships among latent elements, rather than treating
latent dimensions as purely predictive features; (iii) a staged optimization scheme
for stable sequential training, together with an alignment-anchored identifiability
analysis that characterizes what becomes identifiable under this training setup,
and empirical gains in generalization and counterfactual consistency over non-
causal world-modelling baselines.

2 Related Work

2.1 Structured World Models and Latent Dynamics.

World models learn compact latent states to support multi-step prediction and
visual planning [5, 7]. To improve compositionality in physical domains, struc-
tured variants introduce object- or relation-centric inductive biases, utilizing
graph networks (e.g., NRI, GNS) [11, 17] or object-centric visual slots (e.g., C-
SWM, Slot Attention) [12, 14]. While these models, including standard GNN-
based dynamics, achieve strong factual rollout accuracy, their latent representa-
tions are optimized purely as predictive features. Without learning an explicit
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Structural Causal Model (SCM) [16], the model does not capture the causal rela-
tionships among variables. As a result, it may perform well on factual prediction,
but can break down under interventions or counterfactual tasks.

2.2 Causal Representations and Counterfactual Dynamics.

Causal representation learning grounds latents in SCMs to enable interpretable
interventions. Methods such as CausalVAE [20] are mainly developed for static
i.i.d. observations and are trained end-to-end with a causal layer tied to a spe-
cific encoder, using supervised attribute labels u as the anchor for identifiability;
neither the end-to-end coupling nor the labels u transfer to action-conditioned
pixel rollouts. In multi-step visual dynamics, this mismatch can manifest as com-
pounding one-step errors and latent drift under temporal distribution shift. Our
method therefore does not directly apply a static causal model: the causal branch
is a plug-in that attaches to any pretrained encoder and is reused unchanged
across all backbones in our experiments, and we replace the attribute supervi-
sion u with an alignment loss Lalign to a low-dimensional state vt (Sec. 3.3),
stabilized by staged optimization. Conversely, recent counterfactual dynamics
models (e.g., CWM, Causal-JEPA) [13, 15, 19] emphasize learning and eval-
uation under counterfactual/interventional settings, but many rely on mask-
ing/prompting heuristics: a masked slot carries no semantic label and can only
reproduce factor combinations seen during training, so it cannot encode a gen-
uinely new do-intervention. Empirically, replacing our learned causal layer with
feature masking lowers CF-H@1 by 52 points on average (supplementary mate-
rial), whereas the learned DAG matrix A routes interventions through identified
causal edges.

2.3 Causal evaluation in dynamical systems.

Prior work stresses that predictive accuracy is insufficient to evaluate causal cor-
rectness from pixels, requiring rigorous intervention-centric metrics [9]. Counter-
factual dynamics models further argue that counterfactual capability should be
treated as a first-class objective beyond factual prediction [13, 19]. Motivated
by these findings, we evaluate world models using intervention-centric protocols
that probe interventional faithfulness and multi-step counterfactual consistency
in addition to factual forecasting.

3 Method

3.1 Problem Setup

We study world modelling from visual observations under both factual and coun-
terfactual settings. Following structured world-model formulations [9, 12], we
adopt an object-centric latent dynamics pipeline and augment it with a causal
structural branch inspired by CausalVAE [20].



4 Z. Ding et al.

Fig. 1: Overview of our framework. Top: ot→zt→ z̃t
at−→ ẑt+1. Bottom: the CausalVAE

branch imposes DAG-structured causal constraints in latent space before decoding back
to z̃t.

Given. We are given transition tuples D = {(ot, at, ot+1)}Tt=1, with optional
simulator state st ∈ Rds used only for training-time alignment when available.
Counterfactual queries are specified by intervention metadata (i, j,∆) and im-
plemented as do(s

(i,j)
t ) := s

(i,j)
t + ∆, producing counterfactual targets such as

ocft+1 (or latent counterparts) [16].
Unknowns and learning goal. We learn three coupled functions (with param-
eters (θ, ψ, ϕ)): encoder Eθ (observation → object-centric latent), causal branch
Cψ (latent → causally regularized latent), and action-conditioned transition Fϕ
(latent/action→ next latent). The learning goal is to obtain representations and
dynamics that are accurate on factual transitions and remain reliable under in-
terventions, i.e., strong counterfactual performance under do-queries with causal
selectivity rather than diffuse latent changes.
Evaluation target. We evaluate with retrieval metrics H@1, MRR, CF-H@1,
and CF-MRR (formal definitions are given in Sec. 4.3); factual H@1/MRR are
reported at 1/5/10-step horizons.

3.2 Method Overview

Figure 1 shows the architecture: an observation ot is encoded to object-centric
latents, refined by a causal structural branch, and rolled forward under the action
at. The encoder produces

zt = Eθ(ot), zt ∈ RK×d, (1)

with K object slots and per-slot dimension d; a causal branch then yields a
structurally regularized latent

z̃t = Cψ(zt), (2)
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where Cψ(·) is the CausalVAE-inspired transformation of Fig. 1; and an action-
conditioned transition predicts the next latent

ẑt+1 = Fϕ(z̃t, at). (3)

The concrete instantiation of z̃t fed to the transition model is specified in the
training-strategy section.

Figure 1 shows two complementary views: the end-to-end inference pipeline
ot → zt → z̃t

at−→ ẑt+1 used for both factual and counterfactual prediction, and
an expansion of the CausalVAE branch that encodes latents into a structured
causal space and decodes them back under structural regularization. The de-
sign thus inherits action-conditioned latent transition modeling from structured
world models [9, 12] and structural causal regularization from CausalVAE-style
modeling [20], jointly targeting factual quality and counterfactual robustness.

3.3 CausalVAE Branch

Given the encoder latent zt (Eq. (1)), our CausalVAE branch produces a struc-
turally regularized latent z̃t (Eq. (2)), which is then used by the transition model
in Eq. (3). The overall forward relation is consistent with Fig. 1:

ot → zt
CausalVAE−−−−−−−→ z̃t

at−→ ẑt+1. (4)

The branch follows the CausalVAE principle [20]: latent factors are organized
through a structural causal transformation parameterized by a DAG matrix A,
and then mapped back to latent dynamics space. In our implementation, DAG-
style structural constraints are applied inside the branch to encourage causally
meaningful factorization before decoding to z̃t. Importantly, this causal branch
is a plug-in module: it operates on latent representations and can be attached
to different latent world-model backbones (e.g., C-SWM-style, GNN-style, or
other encoder–transition pipelines) without changing their base transition archi-
tecture.

The training objective of this branch is

Lstage2 = λ1Lrec + λ2LKL + λ3Lalign + λ4LDAG, (5)

where Lrec reconstructs latent representation, LKL regularizes the variational
posterior, Lalign aligns to available state supervision (when st is available), and
LDAG encourages acyclicity of A.

When simulator states are available, we impose an auxiliary alignment objec-
tive to map latent dynamics to physically meaningful state variables. Let galign(·)
denote the alignment head and st the ground-truth state. Given the CausalVAE
output latent z̃t, we define

Lalign = ∥galign(z̃t)− st∥22 . (6)

This term is used only during training and is weighted by λ3 in Eq. (5); at infer-
ence time the model does not require st. Because simulator state st is available
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in all benchmarks reported here, the alignment term is kept active with λ3=0.1.
Unless otherwise noted, the remaining weights are (λ1, λ2, λ4)=(1, 0.1, 0.01) for
(Lrec,LKL,LDAG) with αKL=0.3; a full sensitivity sweep over these weights is
provided in the supplementary material, confirming that each term is load-
bearing.

For the DAG constraint we use the standard smooth acyclicity penalty:

LDAG = tr(exp(A⊙A))− d, (7)

with d the structural latent dimension [21].
Following the CausalVAE formulation [20], we instantiate the remaining

terms as:

Lrec = ∥z̃t − zt∥22 , z̃t := Cψ(zt), (8)

LKL = E

[
αKL KL(qψ(· | zt) ∥N (0, I)) +

d∑
i=1

KL(qψ(· | zt, A)i ∥ p(· | st)i)

]
, (9)

where qψ(· | zt) is the approximate posterior induced by the CausalVAE branch
from encoder latent zt, qψ(· | zt, A)i denotes its i-th causal component after
the DAG transformation, and p(· | st)i is the corresponding state-conditioned
prior component (when st is available). Here A is the learned DAG matrix, d
is the structural latent dimension (consistent with Eq. (7)), and KL(·∥·) is the
Kullback–Leibler divergence. Following CausalVAE [20], we set αKL = 0.3 in our
implementation.

Identifiability of the Causal Branch. We analyze identifiability for the Stage-
2 structural learner, where the world-model backbone (encoder/transition) is
frozen and the CausalVAE branch is optimized with the same Stage-2 objective
as in Eq. (5), i.e., minψ,A,galign Lstage2 with z̃t = Cψ(zt) and LDAG encouraging
acyclicity [20].
Assumptions. (I1) Stage-2 decoupling: during Stage-2, transition/backbone pa-
rameters are frozen, so (5) is the only objective governing (ψ,A, galign). (I2) La-
tent invertibility (local): on the low-dimensional manifold supervised by Lalign,
there exists a locally invertible map g with zt = g(vt) for the underlying causal
state vt ∈ Rd; we do not assume the full image encoder is globally invert-
ible, so KL compression of off-manifold detail is permitted. (I3) Realizability +
DAG: there exists a ground-truth DAG adjacency A⋆ (acyclic) and parameters
(ψ⋆, g⋆align) attaining the population-risk minimum of (5), and LDAG(A) = 0 iff
A is acyclic. (I4) Alignment anchoring + scale normalization: at the population
optimum,

galign(z̃t) = st a.s., (10)

and the coordinate system of z̃t is fixed by scale normalization (e.g., per-dimension
zero-mean/unit-variance). Moreover, anchoring is axis-fixing: if an invertible
T : Rd→Rd satisfies galign(T (z̃t)) = galign(z̃t) a.s. under the same normalization,
then T must be the identity. (I5) Population/global optimum: infinite-sample
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and exact optimization. Why these assumptions are reasonable in our setting
(and when they may fail) is discussed in the supplementary material.

Theorem 1 (Alignment-anchored identifiability). Under (I1)–(I5), the
Stage-2 optimizer identifies an adjacency Â that matches A⋆ in the alignment-
anchored coordinate system, i.e., Â = A⋆ in that coordinate frame.

This statement is conditional on (I1)–(I5): a population-level characterization,
not a finite-sample optimization guarantee.
Proof. See the supplementary material.
Relation to CausalVAE identifiability theorem in the original pa-
per [20]. The identifiability proof in CausalVAE relies on an auxiliary variable u
through a conditional prior p(z | u), leading to ∼-identifiability of the generative
parameters under that training setting. In our model, we do not assume access
to u nor optimize a conditional prior; instead, we use only the alignment loss
Lalign = ∥galign(z̃t)− st∥22 as weak supervision to anchor the latent coordinates.
Therefore, our identifiability argument does not directly invoke CausalVAE’s
Theorem 1; it follows a different route in which alignment eliminates the permu-
tation/scale (and more generally reparameterization) ambiguities, after which
the DAG-constrained structural learner identifies the adjacency in the anchored
coordinate system. We cite CausalVAE for (i) the formal ambiguity class cap-
tured by ∼-identifiability and (ii) its discussion on identifiability of the causal
graph in the causal layer [20].

3.4 Transition Modeling

The transition module models action-conditioned dynamics in latent space. Fol-
lowing Sec. 3.2, the encoder latent and causal-refined latent are defined in Eq. (1)
and Eq. (2), respectively. Next-state prediction then follows Eq. (3).

The supervision target is the latent encoding of the next-step observation:

zt+1 = Eθ(ot+1). (11)

To stabilize long-horizon prediction, we use residual dynamics parameteriza-
tion:

∆zt = fϕ(z̃t, at), ẑt+1 = z̃t +∆zt. (12)

For multi-step rollout, predictions are generated recursively:

ẑt+k+1 = Fϕ(ẑt+k, at+k), k ≥ 0, (13)

with ẑt ← z̃t, and targets
zt+k = Eθ(ot+k). (14)

The rollout objective is

Lmultistep =
1

H

H∑
k=1

ℓ(ẑt+k, zt+k) , (15)
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where H is the rollout horizon, and ℓ(·, ·) is instantiated as either a contrastive
objective (as in C-SWM-style latent energy matching [12]) or a latent nega-
tive log-likelihood objective (as in likelihood-based world models [5,6]). For the
contrastive case, let z−t+k denote a negative latent target at step t+k (sampled
from non-matching futures in the candidate pool/batch), and let m > 0 be the
margin. We use

ℓcon(ẑ, z) = ∥ẑ − z∥22 +max
(
0, m−

∥∥ẑ − z−∥∥2
2

)
. (16)

For the NLL case, assuming an isotropic Gaussian decoder in latent space,

ℓNLL(ẑ, z) = − log pϕ(z | ẑ) , pϕ(z | ẑ) = N
(
z; ẑ, σ2I

)
, (17)

which is equivalent (up to constants) to a scaled squared-error term.

3.5 Training Strategy

We adopt a three-stage training pipeline (Fig. 2) to decouple (i) backbone dy-
namics pretraining, (ii) causal structure learning, and (iii) long-horizon transition
refinement.
Stage 1 (Backbone pretraining). We optimize the encoder-transition back-
bone using one-step supervision defined in Sec. 3.2, i.e., zt = Eθ(ot) and ẑt+1 =
Fϕ(zt, at).
Stage 2 (Causal branch training). With backbone modules frozen, we train
the CausalVAE branch in Sec. 3.3 using Eq. (5), including reconstruction, KL,
alignment (when supervision is available), and DAG terms. Details on how su-
pervision is obtained and how objective slots are selected for each benchmark
are provided in the supplementary material.
Stage 3 (Transition Refinement with Alpha-Gated Fusion). We freeze
the encoder and CausalVAE, and fine-tune the transition model with

zgatet = (1− αt)zt + αtz̃t, αt ∈ [0, 1]. (18)

In implementation, we use an exponentially decayed mixing coefficient (αt =
α0 exp(−kαt)), where α0 is the initial fusion weight and kα controls decay speed.
We optionally apply an additional data-dependent gate with αeff

t = gtαt and
gt = σ((τ − δt) γ), where δt = ∥z̃t − zt∥2 and (τ, γ) are gate hyperparameters.
The transition update is ẑt+1 = Fϕ(z

gate
t , at), and multi-step training follows

Sec. 3.4 (Eq. (13) and Eq. (15)). We report an ablation over gate on/off in
Sec. 4.6 (Tab. 3). The rationale for using a three-stage schedule is also empirically
validated in Sec. 4.6 via explicit w/3-stage vs. w/o-3-stage comparisons.

4 Experiments

We evaluate whether injecting an explicit causal factorization via CausalVAE im-
proves counterfactual reliability while preserving factual predictive performance.
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Fig. 2: Three-stage training strategy.

4.1 Benchmarks

We use four domains from the causal-discovery evaluation framework [9]: Physics
(3-body gravitation), 2D Shapes, 3D Cubes, and Chemistry, with state-level in-
terventions (e.g., position/velocity) on Physics, object-level (pose/push) inter-
ventions on Shapes/Cubes, and mechanism-level interventions on Chemistry. As
illustrated in Fig. 3, counterfactual tasks start from factual tuples (ot, at, ot+1),
apply a do-intervention at time t, re-simulate to obtain ocft+1, and evaluate re-
trieval on paired factual/counterfactual futures; full construction details (query-
group counts, intervention variables, magnitudes, and candidate sets) are in the
supplementary material.
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Fig. 3: Counterfactual task construction and evaluation pipeline. From factual tuples
(ot, at, ot+1), we apply interventions do(s

(i,j)
t ):=s

(i,j)
t +∆, re-simulate to obtain ocft+1,

and evaluate retrieval on paired factual/counterfactual futures using H@1, MRR, CF-
H@1, and CF-MRR (factual H@1/MRR at 1/5/10-step horizons).

4.2 Baselines

Eight baselines (paired with +CausalVAE). We compare eight standard world-
model baselines against matched Baseline + CausalVAE counterparts:
AE-based: AE_NLL, AE_Contrastive.
VAE-based: VAE_NLL, VAE_Contrastive.
Structured latent dynamics: Modular_NLL, Modular_Contrastive.
Graph dynamics: GNN_NLL, GNN_Contrastive. Detailed baseline network
architectures and objective definitions (NLL/contrastive) are provided in the
supplementary material.

Our model. Starting from each baseline backbone, we insert a latent CausalVAE
structural layer and train with three stages (S1/S2/S3) for factual dynamics,
structural constraint learning, and counterfactual refinement. This S1/S2/S3
schedule applies to Baseline+CausalVAE models; pure baselines follow the
baseline objective settings (NLL, contrastive) described in the supplementary
material.

Protocol. All paired comparisons (Baseline vs. Baseline+CausalVAE) use a uni-
fied protocol—identical splits, seeds, optimizer family, and rollout settings—and
counterfactual reasoning is evaluated by controlled interventions at time t0 with
retrieval over factual/counterfactual candidates. Full AE/VAE/GNN/Modular
architectures, hyperparameters, and intervention-construction details are pro-
vided in the supplementary material.

4.3 Metrics

We report four retrieval metrics, following the latent ranking-based evalua-
tion of structured world models [12] and the intervention-centric protocol of
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Ke et al . [9]: H@1 (Hits@1) and MRR (mean reciprocal rank) for factual
retrieval, together with their counterfactual counterparts CF-H@1 and CF-
MRR. For query i with factual rank ri and counterfactual rank rcfi , we use
H@1 = 1

M

∑M
i=1 1[ri = 1], MRR = 1

M

∑M
i=1

1
ri

, CF-H@1 = 1
M

∑M
i=1 1[r

cf
i = 1],

and CF-MRR = 1
M

∑M
i=1

1

rcfi
. Factual H@1/MRR are reported at 1/5/10-step

horizons using the same definitions on each horizon-specific retrieval task. CF-
H@1/CF-MRR are reported for the counterfactual step.

4.4 Benchmarking Results

Factual retrieval comparison. Tab. 1 reports the factual retrieval performance
(H@1 and MRR) of all baseline families and their +CausalVAE variants across
all benchmarks. The key reading of this table is that the plug-in preserves factual
prediction: across backbones, benchmarks, and the 1/5/10-step horizons, each
+CausalVAE variant stays close to—and often matches or exceeds—its paired
baseline, so attaching the causal branch does not trade away factual accuracy.
This is the property that lets it serve as a drop-in module.

Table 1: Comparison on factual retrieval metrics. Each cell reports Base-
line/+CausalVAE. Bold indicates the best value in each column.

1 Step 5 Steps 10 Steps

Benchmark Method H@1 ↑ MRR ↑ H@1 ↑ MRR ↑ H@1 ↑ MRR ↑

Physics 3-body

AE_Contrastive 89.00/98.00 94.25/99.00 10.00/9.00 27.91/25.72 1.00/3.00 6.59/9.31
AE_NLL 92.00/94.00 95.67/96.83 4.00/4.00 16.58/16.39 0.00/1.00 8.93/9.04
VAE_Contrastive 70.00/91.00 83.09/95.33 1.00/3.00 4.96/10.44 2.00/2.00 5.74/5.73
VAE_NLL 92.00/94.00 95.83/97.00 1.00/2.00 10.19/9.46 0.00/0.00 3.61/3.64
Modular_Contrastive 90.00/86.00 94.42/92.33 20.00/8.00 36.31/21.23 3.00/2.00 10.44/6.37
Modular_NLL 96.00/95.00 97.83/97.50 11.00/11.00 30.28/28.36 1.00/3.00 9.38/9.99
GNN_Contrastive 88.00/99.00 93.37/99.50 25.00/36.00 37.77/54.58 3.00/7.00 11.89/17.00
GNN_NLL 98.00/99.00 99.00/99.50 9.00/17.00 29.36/33.32 7.00/5.00 15.27/12.57

Chemistry

AE_Contrastive 99.91/99.90 99.95/99.95 99.84/99.81 99.92/99.91 99.92/99.33 99.96/99.66
AE_NLL 99.86/99.89 99.93/99.94 98.17/96.77 98.98/98.07 93.24/85.73 95.70/90.13
VAE_Contrastive 99.95/99.96 99.98/99.98 99.94/99.73 99.97/99.87 99.92/98.60 99.96/99.30
VAE_NLL 96.03/97.47 97.65/98.65 88.50/74.59 92.69/82.31 78.20/25.32 85.05/36.50
Modular_Contrastive 99.50/16.03 99.75/33.95 77.97/6.48 88.06/17.97 30.50/3.76 53.24/11.83
Modular_NLL 99.97/99.99 99.98/99.99 99.43/98.63 99.69/99.24 95.74/67.20 97.18/76.73
GNN_Contrastive 99.95/99.95 99.98/99.98 99.96/99.74 99.98/99.87 99.86/99.48 99.93/99.74
GNN_NLL 99.95/99.91 99.98/99.95 99.94/99.38 99.97/99.66 99.91/89.28 99.95/92.74

2D Shapes

AE_Contrastive 94.01/94.03 96.58/96.75 58.84/58.16 71.95/71.43 28.34/27.44 43.42/42.79
AE_NLL 99.42/98.83 99.60/99.25 81.31/77.28 86.45/83.26 42.57/40.37 52.23/50.06
VAE_Contrastive 76.51/87.70 84.81/93.35 20.30/1.75 34.95/7.11 5.58/0.29 13.67/1.37
VAE_NLL 59.45/60.37 66.39/67.29 9.84/10.82 14.11/14.93 2.00/2.14 3.55/3.72
Modular_Contrastive 3.25/2.16 14.23/9.06 0.73/0.19 4.42/1.63 0.33/0.08 2.48/0.80
Modular_NLL 99.80/99.62 99.89/99.78 85.69/83.88 90.43/88.25 43.04/47.10 53.76/56.21
GNN_Contrastive 99.91/99.90 99.95/99.95 98.89/97.60 99.40/98.60 96.11/86.02 97.52/90.72
GNN_NLL 94.42/95.73 96.90/97.73 43.77/48.58 54.75/60.43 17.14/20.79 25.67/30.64

3D Cubes

AE_Contrastive 68.37/69.69 76.65/78.64 19.49/18.79 31.29/31.00 7.35/5.72 15.50/13.61
AE_NLL 78.90/79.64 85.18/85.79 26.45/27.42 36.38/37.44 7.54/8.23 13.04/13.82
VAE_Contrastive 65.25/66.09 74.08/74.73 14.72/17.49 25.15/28.54 4.36/6.71 9.88/13.87
VAE_NLL 55.44/52.58 61.86/58.36 10.69/9.36 15.21/12.97 2.27/1.45 4.19/2.85
Modular_Contrastive 3.18/11.32 9.06/23.37 0.39/0.42 1.78/2.12 0.21/0.13 1.09/0.78
Modular_NLL 64.77/65.09 73.26/73.52 14.94/15.88 23.17/24.33 2.95/3.49 6.52/7.76
GNN_Contrastive 60.88/59.38 69.17/68.34 15.71/2.67 24.89/7.67 5.45/0.13 11.09/0.86
GNN_NLL 59.61/60.13 67.00/67.44 12.23/13.34 19.04/20.39 2.66/3.06 5.71/6.59
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Counterfactual retrieval comparison. Tab. 2 reports the counterfactual retrieval
performance (CF-H@1 and CF-MRR) of all baseline families and their +Causal-
VAE variants across all benchmarks.

Table 2: Comparison on counterfactual retrieval metrics. Each cell reports Base-
line/+CausalVAE; ∆ is the change of +CausalVAE relative to the paired baseline
(positive = gain), and “–” marks a non-positive change.

Benchmark Method CF-H@1 ↑ ∆H@1 ↑ CF-MRR ↑ ∆MRR ↑

Physics 3-body

AE_Contrastive 10.00/24.00 +14.00 49.33/51.77 +2.44
AE_NLL 10.50/41.00 +30.50 52.25/66.92 +14.67
VAE_Contrastive 8.50/8.50 – 46.00/45.40 –
VAE_NLL 10.50/13.00 +2.50 51.75/51.00 –
Modular_Contrastive 22.50/25.00 +2.50 59.83/50.62 –
Modular_NLL 14.50/22.00 +7.50 55.83/57.50 +1.67
GNN_Contrastive 11.50/15.00 +3.50 52.96/53.17 +0.21
GNN_NLL 11.00/41.00 +30.00 53.50/68.88 +15.38

Chemistry

AE_Contrastive 52.61/35.87 – 59.47/55.81 –
AE_NLL 35.91/34.34 – 55.82/54.12 –
VAE_Contrastive 15.38/24.61 +9.23 33.53/48.24 +14.71
VAE_NLL 15.50/25.26 +9.76 33.62/45.80 +12.18
Modular_Contrastive 13.05/27.49 +14.44 33.22/48.67 +15.45
Modular_NLL 28.30/29.56 +1.26 50.46/51.09 +0.63
GNN_Contrastive 13.54/25.76 +12.22 32.96/47.66 +14.70
GNN_NLL 25.96/23.70 – 48.44/45.20 –

2D Shapes

AE_Contrastive 53.10/52.53 – 70.97/70.86 –
AE_NLL 65.75/67.82 +2.07 80.22/81.64 +1.42
VAE_Contrastive 46.97/45.31 – 66.15/65.74 –
VAE_NLL 19.70/19.40 – 41.76/43.11 +1.35
Modular_Contrastive 13.85/8.55 – 32.39/22.92 –
Modular_NLL 62.80/68.35 +5.55 78.46/81.88 +3.42
GNN_Contrastive 67.06/68.50 +1.44 81.11/81.94 +0.83
GNN_NLL 33.00/54.75 +21.75 58.81/74.00 +15.19

3D Cubes

AE_Contrastive 29.90/33.20 +3.30 53.02/55.40 +2.38
AE_NLL 39.90/41.65 +1.75 60.41/63.11 +2.70
VAE_Contrastive 27.15/27.65 +0.50 50.08/51.01 +0.93
VAE_NLL 22.15/20.35 – 38.32/41.01 +2.69
Modular_Contrastive 7.90/16.75 +8.85 19.07/33.80 +14.73
Modular_NLL 30.60/30.90 +0.30 53.74/54.83 +1.09
GNN_Contrastive 20.05/18.50 – 44.28/42.57 –
GNN_NLL 28.45/25.90 – 48.15/48.73 +0.58

Results analysis. Across benchmarks (Tabs. 1 and 2), CausalVAE usually pre-
serves factual retrieval while improving counterfactual retrieval. The strongest
evidence is on Physics: CF-H@1 jumps from 11.0 to 41.0 for GNN_NLL, and
AE_NLL gains +30.5. On Chemistry and 2D/3D, multiple backbones (VAE,
Modular, GNN_Contrastive) still gain roughly +9 to +21 CF-H@1 points.

The pattern is therefore not a small average effect; it is a large improvement
on intervention-focused metrics in several settings. At the same time, gains are
not universal: some factual and counterfactual cells drop (e.g. Chemistry Mod-
ular_Contrastive in factual metrics), showing a clear backbone-domain interac-
tion. This sharpens the takeaway: the plug-in is most valuable when baseline
dynamics are intervention-fragile, but it should be selected per backbone rather
than assumed to dominate uniformly.
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When does the plug-in help? Whether the plug-in helps is governed by the capac-
ity of the host backbone’s latent to carry the underlying factors. This is clearest
on Chemistry, where the largest drops occur: each scene has 55=3125 discrete
global color configurations, yet the AE/VAE backbones compress it into a sin-
gle 5-dimensional code, so the causal branch’s encode–decode path cannot retain
the class-discriminative directions and collapses them—accounting for the AE_C
drop (−16.7 CF-H@1) and the VAE_NLL degradation (78.2→25.3). Widening
the backbone latent removes this bottleneck: a latent-capacity study on Chem-
istry (supplementary material) shows the plug-in gain rising monotonically with
the per-object dimension and turning positive once the code is wide enough to
represent the discrete factors. The effect is therefore a capacity limitation of the
host backbone rather than a fundamental incompatibility of the causal module—
the plug-in helps when the latent can carry the factors, and hurts only when it
is too narrow.

Comparison to published counterfactual-dynamics methods. Beyond the paired-
backbone study, the supplementary material compares our plug-in against three
published counterfactual-dynamics methods (CFWM, CoPhy, and Causal-JEPA)
on Physics-3body under a matched protocol that we re-implement (since none re-
ports on this benchmark); there, our ∼1M-parameter plug-in on GNN_C attains
the best step-1 CF-H@1 and CF-MRR, ahead of substantially larger models.

4.5 Causal Analysis (Causal Discovery Results)

Beyond accuracy, we ask whether the learned structure is interpretable, compar-
ing the learned matrix A to a physics-derived first-order template on Physics.
Linearizing the Euler-discretized dynamics st+1 ≈ st + ∆t f(st) around a ref-
erence state gives a local Jacobian J , and we take AGT := |J − I| as the
interaction-strength template (full derivation in the supplementary material).
At the mechanism-trend level—which factors influence which, and with what
relative strength (Fig. 4)—ALearned matches AGT, indicating that the model
recovers an interpretable first-order physical law rather than merely fitting pre-
dictions; the correspondence is local, so it is a first-order approximation, not a
full nonlinear law.

4.6 Ablation Results

As summarized in Tab. 3, we ablate the components of our staged design on
Physics: three-stage vs. joint training, the GNN_Contrastive backbone
baseline, and one-at-a-time removal of the CausalVAE branch, the Stage-2
alignment loss, multi-step rollout supervision, and the contrastive objec-
tive, together with the α-gated fusion gate and sensitivity to stage-split and
rollout-policy schedules.
Note. Each ablation changes one factor relative to three-stage training (ours)
(stage1=20, stage2=80 epochs, late-mixed rollout, contrastive loss, gate on).
Abbreviations: w/o = without; s1/s2 = stage1/stage2 epochs (e.g. s1_8_s2_40);
CF-H@1/CF-MRR defined in Sec. 4.3.
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Fig. 4: Comparison between the learned structure ALearned and the first-order physical
template AGT = |J − I| obtained by local linearization. The learned structure recovers
physically meaningful interaction trends in latent space, while remaining a first-order
approximation rather than an exact nonlinear law.

Table 3: Ablations of training strategy, module removal, and hyperparameter sensi-
tivity in the Physics benchmark.

Variant H@1 ↑ MRR ↑ CF-H@1 ↑ CF-MRR ↑

three-stage training (ours) 91.00 95.16 31.00 52.15
joint training (w/o stage split) 90.33 94.75 28.00 51.05
Baseline (GNN_Contrastive) 88.00 93.37 11.50 52.96

w/o CausalVAE branch 80.00 89.55 27.67 50.06
w/o state align loss 9.00 28.02 26.67 50.57
single-step rollout 90.67 94.91 30.67 52.31
w/o contrastive loss 89.33 94.36 29.67 51.79

gate off 1.33 5.71 13.67 28.09
stage split: s1_8_s2_40 91.00 95.08 28.67 51.45
stage split: s1_12_s2_48 90.67 94.90 27.33 50.71
rollout policy: curriculum 91.00 95.06 31.33 52.32
rollout policy: mixed 90.00 94.75 29.67 51.88

Generality across backbones. To confirm these conclusions are not specific to
GNN_C, we repeat the component ablation on all four backbones (VAE_C,
AE_C, Modular_C, GNN_C) under the same protocol (full table in the sup-
plementary material): the ranking full > noBranch > noAlign ≈ noStage3 ≫
noGate holds on every backbone, and the without-Stage-3 column gives a mean
drop of −3.2, matching the 31→28 effect for GNN_C in Tab. 3.

5 Conclusion

We presented a plug-in CausalVAE layer that improves intervention-aware coun-
terfactual behavior while keeping factual retrieval competitive across matched
backbones, indicating that the gains come from added structural constraints
rather than architecture replacement. This supports a modular path to robust
world modeling—causal structure attached to existing predictive systems with-
out redesigning the backbone—while the learned structural alignment adds in-
terpretability without sacrificing forecasting. The added cost is training-time
only (1.17× the GNN_C parameters; inference unchanged), and limitations re-
main in strongly nonlinear regimes and long-horizon drift; extending to larger
JEPA-style architectures is natural future work [1, 2, 15].
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