Do-Causal-JEPA: Learning Interventional World Models
with Graph Surgery Estimator
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Take-home message
We introduce Do-CJEPA, which matches changes in model predictions to estimated changes in graph-identified interventional means. In the Interventional Pong experiment, Do-CJEPA

reduces online one-step prediction error under mechanism shifts. A gated causal-residual variant combined with source-only four-step rollout training reduces open-loop rollout error
relative to both Do-CJEPA and C-JEPA. This comparison evaluates the combined method and does not isolate the effect of gating alone.

Can you predict the next state of an object under mechanism shift with

hidden confounding?
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Stable causes give the correct forecast.

1. How C-JEPA works—and what Do-CJEPA changes

C-JEPA: learn a conditional masked predictor
1. Encode. A frozen SAVi encoder produces role-aligned

object slots ZZLR ¢ R84, Object-level masking
2. Mask whole objects across time. Sample object 8tz ot t+1
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anchors, and replace the selected history trajectories and 21Ol O OO slot identity encoding
every future slot with learned mask tokens. Optional ; —~ ) O ® O .
auxiliary variables remain observable. A () :Observable slots
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3. Predict jointly. A six-layer bidirectional transformer S N AN RN A O - Observable auxillaries
uses the visible objects, anchors, slot-identity encodings, ut O O O O O () :Masked history / future
and temporal encodings to recover every masked position. — . .
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4. Match observed targets. The loss balances
masked-history reconstruction and future prediction.

: Intervened variable

Temporal positional encoding e,

A sampled object trajectory is hidden across history while its initial slot

anchors identity; all object slots at the future step are masked.

4. Quantitative evaluation

Controlled baseline comparison
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Relative prediction time t -t~

—80.1%

Do-CJEPA relative to C-JEPA

Relative prediction time t -t~

—68.5%

gated Do-CJEPA relative to C-JEPA

Across the first five post-shift prediction times, t — t* = 1,...,5, mean invariant-token MSE is 0.01227 for C-JEPA, 0.00244 for
Do-CJEPA, and 0.00387 for gated Do-CJEPA over five seeds. These values correspond to reductions of 80.1% and 68.5% relative to

C-JEPA. Ordinary Do-CJEPA has the lowest error when each prediction receives the observed history through t — 1.

5. Open-loop shifted rollout

Lcepa = : > HZ’Cjepa’—ZTr

m (r,r)eT

where 7 contains the masked batch targets indexed by time 7 and object r. The predictor fg(Z)T,, estimates each target from masked sequence Z, and the
loss averages its latent squared error against the observed slot Z’.
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Do-CJEPA: match the interventional response for identifiable targets

1. Compile a graph-surgery query. For each masked token Y = Z/, FIND-MACS returns M = {Y'} in the
Pong ADMG. With no same-time directed effects,

X =pag(Y) ={Z71.Z; 1. 2]}
Thus the identifiable query becomes P(Y | do(X)) = P(Y | X); a direct child of S is skipped because its

mechanism is allowed to change.

2. Learn the interventional mean. One source-trained, role-conditioned ID-GEN model per seed represents
p(Y | X) as an eight-component diagonal Gaussian mixture. Its analytic mean

fimceEN(Y; x) = =%_; mi(x, r)px(x, r) is cached for every eligible source token.

3. Match the interventional response. Evaluate ID-GEN and the predictor at observed parents /i and
source-donor parents i. Do-CJEPA matches their changes while retaining the ordinary C-JEPA loss:
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Gated Do-CJEPA: add a gated causal correction
Y = Yo + gor,
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Top to bottom: ground truth, SAVi-mask rendering, C-JEPA, Do-CJEPA, and gated Do-CJEPA. All models receive t = 0,1 and

It uses the same interventional-response target as Lg, above, but applies it to the change in the gated correction rather than the full prediction.
Thus Y follows ordinary C-JEPA, while a near-zero gate suppresses each causal correction until it is supported. Here gy is a learned token-wise
gate, and ry is a learned causal residual that proposes how Y should change when graph-identified parent values change.

Training pipeline

roll forward through t = 15. The red border marks the unknown right-paddle intervention at t = 5. For this sequence, MSE s
0.04956 for C-JEPA, 0.06740 for Do-CJEPA, and 0.01953 for gated Do-CJEPA. This trajectory is illustrative; Section 6 reports

the aggregate comparison.
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6. Aggregate open-loop rollout diagnostic
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2. Interventional Pong benchmark
® 715 frames, three matched roles: ball, left paddle, right paddle; slot dimension 64.
0.00 A

® A one-time soft intervention changes right-paddle position at t* ~ Uniform{1, ..., 15}: i ) : . 5 5 1
Z;% <+ clip(0.15 Z% + 0.85 [2 Beta(2,8) — 1]) .

Open-loop prediction horizon

34.6%

reduction relative to Do-CJEPA

18.3%

reduction relative to C-JEPA

® \World models and ID-GEN train and validate on environment-0 source slots only; no shifted environment-1 slots
enter optimization. The split contains 10,000/1,000/1,000 initial-condition pairs.

@® Different evaluations: one-step test: true Zy.14 — Zis5, possibly with post-shift context. Rollout: true Zj.1,

then recursive predictions for Zo.1s. The token-wise gate is initialized near zero, and the response loss supervises the change in the gated causal residual. The model also

uses four-step source-environment rollout training. Checkpoint selection never uses the shifted test set. At horizon 14, MSE is 0.15131
for Do-CJEPA, 0.12125 for C-JEPA, and 0.09903 for gated Do-CJEPA. Gated Do-CJEPA has lower error than C-JEPA in all five

matched seeds and lower error than Do-CJEPA in four of five.
Assumptions required by the current pipeline

Known ADMG. The object-level graph and mutable
right-paddle mechanism are supplied, not discovered.

Figure 1. Left: factor-level Pong data-generating graph. Right: induced slot-level ADMG; S marks the mutable right—p;\a\ac’l_léxr'nechanism, red is the Identifiable target. The extra loss is applied only when graph

orediction target, and blue is the shifted token surgery identifies the interventional distribution.

Aligned roles. Slots are matched to ball, left paddle, and  Temporal graph. With no same-time directed effects, each

3. Evaluation and training procedure

right paddle before any graph query is formed.

target uses all three previous-frame roles as parents.

® At t = 15, invariant-token MSE excludes ZR only for the 70/1,000 test pairs with t* = 15. For t* < 15, the shift [ BTe e A w= A 10) 0 1Rz 18 s MRa01a0 1 g=T0" " 0] g ¢
is already in the observed context and all three roles are scored. _ _ _

PS _ iy v _ _ Do-CJEPA requires a complete causal graph. Causal discovery with known temporal order should be used to learn the graph
The OOD gap is MSE;" — MSEy"; lower is better. All values are mean £ sample SD over five seeds. needed for invariant next-state prediction.

® Figure 4 evaluates online prediction from observed histories. Figures 5-6 evaluate recursive rollout from only Zy; @ Do CIEPA assumes that encoded slots provide semantically meaningful object representations, with persistent roles that can
all later predictions are fed back as context. be matched consistently across a trajectory.

® Each role-conditioned ID-GEN estimator and world model is trained for 30 epochs; each comparison is repeated for ® Graph-surgery regularization applies only when the target interventional query is identifiable from the observational
5 seeds. distribution under the assumed graph. Future work will strengthen identifiability results under partial causal graphs.
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