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Abstract

JEPA-style latent world models offer an efficient alternative to pixel-space video
generation by predicting future representations rather than synthesizing future
frames. However, current action-conditioned predictors in such latent world mod-
els are typically trained on single or narrowly scoped embodied datasets with
limited task, object, embodiment, and action-space coverage, and often fail to
generalize beyond the training distribution. We argue that this lack of generalist
action-conditioned prediction is a key bottleneck for scaling latent world models. In
contrast, large controllable video world models have a clear scale-up path through
large-scale video pretraining and encode broad visual-dynamics priors, but they
are too computationally expensive to serve as online simulators and lack a direct
interface to latent action-conditioned prediction. We introduce GeneralistJEPA,
a framework for transferring generalist motion priors from video world models
to efficient action-conditioned JEPA predictors, establishing a scalable training
path for future latent world models. Instead of directly distilling generated futures,
whose latents entangle useful action dynamics with source-mismatched content
and generation artifacts, GeneralistJEPA factorizes future latent prediction into
source-conditioned content continuation and action-induced dynamics. Control-
lable video world models are used as same-action environment randomizers to
build an offline motion-reward bank, providing diverse motion supervision without
treating generated content as an absolute target. Specifically, generated rollouts are
encoded with a frozen JEPA encoder, and only their patch-level temporal deltas
are distilled as video-world-model motion rewards for predicted latent dynam-
ics. This design preserves the efficiency of latent rollout, since video generation
and representation encoding are performed offline, while leveraging the broader
visual-dynamics priors of video world models. We evaluate GeneralistJEPA on
three complementary benchmarks: EgoDex for held-out subtask generalization and
action recoverability, BAIR robot pushing for future-frame latent prediction and
action sensitivity, and Physion for physical contact readout. Our results show that
video-world-model motion rewards improve latent prediction, action sensitivity,
action recoverability, and physical contact readout beyond real-only training and
naive generated-latent distillation, addressing a key generalization bottleneck on
the path toward scaling up action-conditioned latent world models.
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Figure 1: Generalization mismatch in current latent world models. JEPA-style systems often
combine a broadly pretrained visual encoder with an action-conditioned predictor trained on much
narrower embodied data. While the V-JEPA encoder benefits from large-scale video pretraining and
can provide general visual representations, the action-conditioned predictor is typically trained or
fine-tuned on limited action-labeled datasets, such as DROID or task-specific robot data, and therefore
becomes the main generalization bottleneck. In contrast, large video world models are trained on
broad video corpora and acquire more general visual-dynamics priors, but are too expensive to use
directly for online rollout. GeneralistJEPA addresses this mismatch by using frozen video world
models as offline sources of patch-level motion rewards from same-action rollouts, while keeping
predictor training and inference in the efficient JEPA latent space.

1 Introduction

JEPA-style latent world models have emerged as an efficient alternative to pixel-space video world
models. Rather than generating future frames through autoregressive decoding or iterative denoising,
they predict future representations in a learned latent space [42, 8, 3, 67]. This representation-
level prediction is attractive for robotics, embodied AI, autonomous driving, computer vision, and
representation learning, where fast rollout and scalable prediction are essential. In principle, an
action-conditioned JEPA predictor can serve as a compact latent dynamics model: given past visual
latents and a planned action or control sequence, it predicts the latent representation of the resulting
future state without the cost of detailed pixel synthesis.

However, generalization has become a central bottleneck for action-conditioned JEPA-style latent
world models. As illustrated in Figure 1, current approaches face a difficult trade-off. Vision-language-
action systems often adapt pretrained vision-language models to action prediction [46, 14, 39], but
task-specific fine-tuning on limited embodied data can weaken pretrained generalist capabilities
and may suffer from catastrophic forgetting [40], leaving robust cross-task and cross-embodiment
generalization challenging. In contrast, large controllable video world models scale through broad
video pretraining and acquire diverse visual-dynamics priors [12, 16, 60, 43], but their pixel-space
diffusion or flow-based rollouts are computationally expensive and high-latency. JEPA-style latent
world models offer efficient rollout, but this efficiency cannot be fully leveraged without a generalist
action-conditioned predictor.

This raises a natural question: can we retain the efficiency of latent world models while borrowing
the broad visual-dynamics priors of video world models? Controllable video world models are
trained on broad video corpora and can absorb diverse motion, interaction, and environment priors
without requiring every trajectory to be paired with a precisely aligned robot action. This makes them
complementary to action-conditioned latent world models, whose predictors are often trained on
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embodied datasets with limited task, object, embodiment, and action-space coverage. We therefore
study frozen video world models not as competitors to latent world models, but as scalable sources of
generalist motion priors for training them.

Transferring these priors is non-trivial. First, the two model families do not share a natural interface:
JEPA predictors operate in latent representation space, whereas controllable video world models
are typically conditioned through pixel- or video-space controls such as VACE-style controls [37],
skeleton maps, trajectory maps, or other spatial guidance. Action representations are also heteroge-
neous, ranging from hand poses and fingertips to end-effector trajectories, object centers, and robot
joints. Second, naively distilling generated future latents can be harmful. Generated videos may pre-
serve the intended action while changing the environment, object identity, hand appearance, camera
layout, or generation style; after JEPA encoding, their latents entangle useful action dynamics with
source-mismatched content and generation artifacts. Thus, generated futures should not be treated as
absolute future targets. Instead, they should supervise the action-induced dynamics component while
real future videos anchor the source-conditioned content continuation.

We present GeneralistJEPA, a framework for generalizing action-conditioned JEPA-style latent world
models with video-world-model motion rewards. The key idea is to factorize future latent prediction
into source-conditioned content continuation and action-induced dynamics. To obtain scalable motion
supervision, we render action proxies or candidate control sequences into unified visual controls,
use a frozen controllable video world model to generate same-action future rollouts, encode these
rollouts with a frozen JEPA encoder, and cache them offline. Instead of directly distilling generated
future latents, GeneralistJEPA distills only their patch-level temporal deltas as offline motion-reward
supervision. This allows the predictor to exploit same-action rollouts across diverse environments
while avoiding direct supervision from source-mismatched generated content. At inference time,
GeneralistJEPA remains a lightweight action-conditioned latent predictor and requires no video world
model, pixel-level generation, video decoding, or generated-video JEPA encoding.

We evaluate GeneralistJEPA on three complementary benchmarks. On EgoDex, we test held-out
subtask generalization and measure whether predicted future latents preserve recoverable embodied
action dynamics. On BAIR robot pushing, we evaluate future-frame latent prediction and action
sensitivity in the V-JEPA latent space. On Physion, we evaluate whether predicted future latents
preserve physically relevant contact information through a contact readout protocol. Together,
these evaluations test whether the learned predictor improves latent prediction accuracy, action
recoverability, and physical readout quality.

Contributions. (1) Generalist action-conditioned JEPA prediction. We study the generalization
bottleneck of action-conditioned JEPA-style latent world models and formulate a held-out embodied-
category evaluation setting, instantiated as held-out subtask generalization on EgoDex. This setting
tests whether a single latent predictor can generalize beyond the action and task support observed
during training; (2) Content–dynamics factorized latent predictor. We introduce a factorized
action-conditioned JEPA predictor that separates source-conditioned content continuation from
action-induced dynamics. In our main calibrated variant, instantiated with Cross-Attn fusion, a
content-anchored cross-attention module injects motion cues while preserving the calibrated JEPA
latent manifold; (3) Offline video-world-model motion rewards. We use frozen controllable video
world models as same-action environment randomizers and build an offline motion-reward bank
from generated future rollouts. Rather than treating generated futures as absolute latent targets,
we encode them with a frozen JEPA encoder and distill only their patch-level temporal deltas as
offline motion-reward supervision; (4) Generalization, action-recoverability, and physical-readout
evaluation. We evaluate GeneralistJEPA on EgoDex, BAIR robot pushing, and Physion using latent
prediction, action sensitivity, component ablations, IDM-based action recoverability, and contact
readout metrics. The results show that GeneralistJEPA improves calibrated latent prediction, preserves
more recoverable action dynamics, and produces future latents with stronger physically relevant
contact information.

2 Related Works

2.1 World Models

JEPA-style latent world models. JEPA-style models learn predictive representations by forecasting
latent states rather than reconstructing pixels, following the broader proposal that world models
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should operate in abstract representation spaces [42]. This idea has been instantiated for images [2]
and extended to videos for feature-level prediction, representation learning, and planning [8, 3, 23].
Latent world models further connect this idea to control by modeling dynamics over pretrained visual
features, enabling zero-shot or fine-tuned planning from offline behavioral and observation-action
trajectories [67, 6]. These works make latent rollout efficient, but they also highlight a remaining
mismatch: broad pretraining mainly benefits the visual encoder, while the action-conditioned predictor
is still learned from the available latent-action data. Its generalization is therefore limited by the
tasks and embodiments used for training. Our work focuses on this bottleneck by generalizing the
action-conditioned predictor itself.

Video world models and controllable generation. Early video diffusion models showed the
promise of learning visual dynamics in pixel or latent video spaces [12, 11]. Recent open-weight
models further scale this direction with efficient latent video generation and DiT/flow-matching-style
training [30, 41, 60], while proprietary systems such as Sora [16] and Veo [29] demonstrate strong
general-purpose video generation. Recent controllable video models further expose different control
interfaces: motion and trajectory controls [65, 62, 27, 57, 37], physics and force controls [61, 28],
and action-interactive world controls [17, 58, 7]. However, using them directly for online rollout
is costly, and their pixel-space controls do not provide a direct interface to JEPA latent predictors.
We therefore use controllable video world models offline as sources of action-conditioned dynamics
rewards for efficient latent predictors.

2.2 Generalization problems in Robot Policy

Generalization in embodied action-conditioned models. On the policy side, embodied general-
ization has scaled quickly: task-conditioned imitation and robotics transformers [35, 15] grew into
web-knowledge-grounded VLA models [22, 14, 39], and diffusion- and flow-based action heads now
serve as standard expressive multimodal controllers [19, 10, 54]. Generalist policies further widen
task and embodiment coverage via multi-task agents [13, 50], cross-embodiment transformers [21, 44]
and video-based action pretraining [18, 25, 64]. This scaling rides progressively larger embodied
corpora [20, 59, 51, 38, 1] and complementary work on morphology, dexterity, and human-to-robot
video transfer [53, 34, 5, 56, 31]. Yet action-conditioned world models have not seen comparable
scaling: in JEPA-style latent world models, the encoder inherits priors from large-scale video while
the conditional transition (h, a)→ h′ is still learned from a limited embodied corpus, leaving the
predictor as the narrow component and motivating our study of generalization for the predictor itself.

Synthetic rollouts and reward-based supervision. A growing body of work expands embodied
training through synthetic experience: from replay-based demonstration augmentation [47] and
learned interactive simulators [63], through action-conditioned video world models [55, 32, 49]
and synthetic-trajectory [36]. A complementary thread uses human-video pretraining for robot
representations and rewards [48, 45], or derives rewards from generative-model likelihoods [33].
However, directly distilling generated futures is unreliable, since rollouts can be visually plausible
yet physically inconsistent [69] and often fail closed-loop control [24, 66]; GeneralistJEPA therefore
distills only action dynamics from them, leaving full latent prediction anchored to real video.

3 Methodology

We introduce GeneralistJEPA, a framework for training generalist action-conditioned JEPA-style
latent world models with video-world-model motion rewards. The core idea is to use real videos to
anchor source-conditioned future prediction, while using controllable video world models (VWMs)
to provide same-action motion priors beyond the support of the embodied training data. Unlike direct
generated-latent distillation, GeneralistJEPA does not treat generated futures as full future-latent
targets. Instead, it factorizes future latent prediction into source-conditioned content continuation
and action-induced dynamics, and uses generated rollouts only through their patch-level temporal
deltas. We refer to this signal as a VWM motion reward: an offline reward-like supervision signal that
encourages predicted temporal changes to match same-action generated rollouts, implemented as a
deterministic temporal-delta loss rather than an online contrastive reward.
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3.1 Action-Conditioned Latent World Modeling

Let x≤t denote the observed video history and let at+1:t+T denote a planned future action or control
sequence. A frozen JEPA encoder E maps video frames into latent representations: h≤t = E(x≤t)
and ht+1:t+T = E(xt+1:t+T ). The action sequence is treated as an external control input, as in
standard model-based prediction: given a candidate action sequence, the world model predicts
the resulting future state. The goal is to learn an action-conditioned latent predictor ĥt+1:t+T =
Pθ(h≤t, at+1:t+T ) that generalizes beyond the action, task, object, and embodiment categories
observed during training.

We study this problem under a held-out embodied-category setting, instantiated in our experiments
as held-out subtask generalization. Let Dtr and Dte denote training and testing distributions over
latent-action-future triples: (h≤t, at+1:t+T , ht+1:t+T ) ∼ D. The predictor is trained on categories
from Dtr and evaluated on disjoint categories from Dte. This setting directly measures whether the
latent dynamics model generalizes beyond the training action/task support.

Why the predictor is the bottleneck. A JEPA-style latent world model contains a visual encoder E
and an action-conditioned predictor Pθ. Although E may benefit from broad video pretraining, Pθ
is trained on a joint latent-action distribution whose support is determined by the embodied dataset,
action representation, tasks, objects, and embodiments used for training. For example, an action-
conditioned predictor may be post-trained on substantially narrower embodied data than the video
data used to pretrain the visual encoder. Thus, generalization of the encoder over observations does
not imply generalization of the conditional transition model over (h, a). Let z = (h≤t, at+1:t+T ) and
y = ht+1:t+T . For a predictor P ∈ H, define RD(P ) = E(z,y)∼D[ℓ(P (z), y)]. Under distribution
shift, the test risk is controlled by the training risk plus a discrepancy term between Dtr(z) and Dte(z),
as well as the best joint error of the hypothesis class. Therefore, even if P achieves low training
error, its held-out risk can remain high when the training and testing latent-action distributions differ
substantially. Moreover, if a held-out input lies outside the training support, its transition is not
identifiable from the action-conditioned training data alone. This motivates using video world models
as additional sources of action-conditioned dynamics priors.

Video world models as broader dynamics priors. Controllable video world models are trained
on broader video distributions and expose flexible video-space control interfaces, such as skeletons,
trajectories, masks, references, or VACE-style controls. We do not assume that these interfaces form
a universal robot action space. Instead, we view them as a broader visual-control manifold that
can express diverse action-like motion cues. However, these visual control signals still introduce
distribution and modality gaps between latent world models and video world models, since pixel-space
controls are often more natural for video synthesis than compact embodied action representations. By
rendering planned action proxies into this interface, we can query a video world model for same-action
rollouts across diverse visual environments. These rollouts provide additional action-conditioned
dynamics priors beyond the narrow training support of the JEPA predictor.

3.2 Generated Futures Are Not Absolute Targets

A natural way to use a controllable video world model is to generate a future video x̃t+1:t+T under the
same planned action, encode it using the frozen JEPA encoder, h̃t+1:t+T = E(x̃t+1:t+T ), and directly
distill the generated latent: Lgen-distill = D

(
Pθ(h≤t, at+1:t+T ), h̃t+1:t+T

)
. However, generated

futures are not guaranteed to be valid continuations of the observed source context.

This issue is further amplified by the interface mismatch between video generation models and latent
action-conditioned world models. General-purpose video generation models are often controlled
through visual proxies, such as skeletons, trajectories, masks, or reference videos, whereas latent
world-model predictors are conditioned on compact embodied action representations. As a result, the
generated rollout may preserve the coarse intended motion while still being mismatched with the
fine-grained robotics or embodied control signal used by the predictor. A no-reference or weakly
referenced video world model may preserve the intended action while changing the environment,
object identity, hand appearance, camera layout, or generation style. Thus, the generated latent
may contain useful action dynamics, but it also contains source-mismatched content and generation
artifacts. This mismatch can be further amplified by re-encoding generated videos with the frozen
VJEPA encoder. Since the encoder is trained primarily on real videos, generation artifacts, temporal
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inconsistency, or frame-rate mismatch may produce out-of-distribution latent targets and harm the
latent world-model predictor.

To make this explicit, suppose a future latent can be conceptually decomposed into content/state
continuation and action-induced dynamics: hreal = csrc + d(a) + ϵ and h̃ = cgen + d(a) + η, where
csrc denotes source-conditioned content continuation, cgen denotes generated scene/content, d(a)
denotes action-induced dynamics, and ϵ, η denote residual noise or artifacts. Directly distilling h̃
forces the predictor to match not only d(a) but also the source-mismatched content term cgen. For a
squared loss that combines real and generated targets, the optimum is biased toward

hreal + λh̃

1 + λ
= csrc + d(a) +

λ

1 + λ
(cgen − csrc) + noise. (1)

Whenever cgen ̸= csrc, this introduces a source-mismatched content bias. This motivates our
factorized predictor and VWM motion-reward design: generated videos should regularize temporal
dynamics, rather than directly supervise the full future latent. We include this direct absolute
generated-latent distillation as the GenAbs ablation in experiments.

3.3 GeneralistJEPA

Overview. GeneralistJEPA consists of three components: a content–dynamics factorized JEPA
predictor, an offline VWM motion-reward bank, and a patch-level motion-reward distillation objective.
Real future latents always supervise the full prediction. Generated video rollouts are not used as
absolute targets or online contrastive rewards. Instead, their frozen-JEPA temporal deltas provide
offline motion-reward supervision for the predicted future latent dynamics. This allows the predictor
to benefit from video-world-model dynamics priors while avoiding direct supervision from source-
mismatched generated content.

Content–Dynamics Factorized Predictor. Instead of predicting the future latent as a single entangled
output, GeneralistJEPA factorizes prediction into a content branch and a dynamics branch. Given
past latent states h≤t and planned action sequence at+1:t+T , we compute ct+1:t+T = Pc(h≤t) and
dt+1:t+T = Pd(h≤t, at+1:t+T ), where Pc predicts source-conditioned content continuation and Pd
predicts action-induced dynamics residual. The final future latent is produced by a learnable fusion
module: ĥt+1:t+T = Fψ(ct+1:t+T , dt+1:t+T , h≤t, at+1:t+T ). In our main calibrated model, Fψ is
implemented as a content-anchored cross-attention fusion block. The content tokens serve as the
source-conditioned anchor and attend to action-induced dynamics tokens, allowing the model to
inject motion cues while preserving the calibrated JEPA latent manifold. We also evaluate a gated
additive fusion variant in ablations, which injects dynamics more aggressively and improves action
recoverability at the cost of latent calibration. The key principle is that content and action dynamics
are represented separately before composition.

This factorization is central to our method. The full prediction ĥ is supervised by real future latents,
so the model remains anchored to the observed source context. The VWM motion reward is applied
to the final predicted future latent dynamics through temporal deltas, preventing source-mismatched
generated content from directly corrupting the absolute future latent target. The real supervised loss
is Lreal = D(ĥt+1:t+T , ht+1:t+T ), where D combines mean-squared error and cosine distance. This
loss is always active.

Offline VWM Motion-Reward Bank. Directly querying a video generation model during predictor
training would be computationally expensive, since video synthesis requires iterative denoising and
high-dimensional pixel generation. It would also couple the latent predictor to the stochastic genera-
tion process. We therefore build an offline VWM motion-reward bank using a frozen controllable
video world model and a frozen JEPA encoder. To obtain broader action-dynamics feedback and
address the interface difference between video generation models and latent world models, we use a
controllable video world model as a same-action environment randomizer. For each training sample,
we render the planned action proxy into a visual control signal ut+1:t+T = r(at+1:t+T ), where
r(·) may produce skeleton, trajectory, or other visual controls. A frozen controllable video world
model then generates a same-action rollout x̃t+1:t+T ∼ GVWM(· | ut+1:t+T ). This rollout may
differ in scene, object appearance, or background, which provides environment randomization. Each
generated future is encoded by the frozen JEPA encoder: h̃t+1:t+T = E(x̃t+1:t+T ). For each training
sample, we store the real past latent, real future latent, generated future latent, action sequence,
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and metadata (h≤t, ht+1:t+T , h̃t+1:t+T , at+1:t+T ). The generated latent is stored at patch level, i.e.,
h̃t+1:t+T ∈ RT×P×D. The bank is built offline, so predictor training does not run video generation,
video decoding, or generated-video JEPA encoding.

Patch-Level Motion-Reward Distillation. Although generated rollouts may contain useful same-
action motion, their absolute latents may differ from the real future due to changes in scene con-
tent, object identity, camera layout, hand appearance, or generation artifacts. Therefore, we do
not supervise the predictor with h̃t+1:t+T directly. Instead, we use only the temporal deltas of
the generated JEPA latents as offline motion-reward targets. Given the predicted future latent
ĥt+1:t+T = Pθ(h≤t, at+1:t+T ), we define patch-level temporal deltas as ∆ĥt+i = ĥt+i+1 − ĥt+i
and ∆h̃t+i = h̃t+i+1 − h̃t+i, for i = 1, . . . , T − 1. The motion-reward distillation loss is
LMR = D

(
∆ĥt+1:t+T−1,∆h̃t+1:t+T−1

)
, where D combines mean-squared error and cosine dis-

tance over patch-level latent tokens. This objective distills the motion evolution induced by the
same-action generated rollout while avoiding absolute supervision from source-mismatched gener-
ated content. We denote this aligned generated temporal-delta signal as Aligned Gen∆.

Training Objective and Inference. The final objective is L = Lreal +λMRLMR. We use a real-only
warmup before enabling the VWM motion reward, allowing the predictor to first learn a stable
source-conditioned latent transition. In our best configuration, we set λMR = 0.1 and enable LMR

after a 10-epoch warmup. The best checkpoint is selected using held-out real future prediction
metrics, not generated-video scores.

At inference time, GeneralistJEPA reduces to a lightweight action-conditioned latent predictor. Given
an observed history and a planned action sequence, it predicts future JEPA latents directly. No video
world model, generated-video decoder, or generated-video JEPA encoding is used during rollout.

Action-Recoverability Probe. To evaluate whether predicted latent futures preserve action-relevant
dynamics, we train a schema-conditioned inverse dynamics probe on real JEPA latents. Given h≤t
and a future latent sequence, the probe predicts an action trajectory under a chosen action abstraction,
such as hand center, fingertips, wrist-fingertips, three fingers, or full hand pose. This decoded
trajectory is an evaluation signal for action recoverability; it should not be interpreted as the planned
control input used by the predictor. The probe is frozen during evaluation and is used only as an
analysis tool. It allows us to measure whether predicted future latents preserve recoverable action
information, complementing latent prediction metrics.

4 Experiments

4.1 Settings

Datasets. We evaluate GeneralistJEPA on three complementary benchmarks: EgoDex [31], BAIR
Robot Pushing [26], and Physion [9]. EgoDex is our primary held-out cross-task generalization
benchmark, where models are evaluated on three unseen subtasks: assemble square table,
fold, and insert round table. BAIR evaluates future-frame latent prediction in the V-JEPA
latent space. Physion evaluates whether predicted future latents preserve physically relevant contact
information. Full dataset protocols and split details are provided in Appendix E.

Baselines. On EgoDex, we compare against frozen-backbone latent predictor baselines: V-JEPA2, V-
JEPA2 AC, DINOv2, and DINO-WM. On BAIR, we compare against V-JEPA + MLP and V-JEPA
Predictor. On Physion, we compare against DINO-WM, V-JEPA observed-only, and V-JEPA AC
Predictor. For ablations, we evaluate Basic, GenAbs, Factorized, Cross-Attn, GatedAdd, Aligned
Gen∆, Shuffled Gen∆, and Real-∆ Aux. Unless otherwise specified, GeneralistJEPA denotes our
main calibrated variant with content–dynamics factorization, Cross-Attn fusion, and Aligned Gen∆
motion-reward distillation. Detailed baseline and variant definitions are provided in Appendix E.4.

Metrics. We report latent prediction metrics, action sensitivity metrics, action recoverability metrics,
and physical contact readout metrics. Latent prediction is evaluated by MSE, cosine similarity, R@1,
R@5, and temporal latent-delta error ∆Err. Action sensitivity is measured by Shuffle Sensitivity
and Zero Sensitivity. Action recoverability is measured by ADE, FDE, PCK@0.05, and velocity
consistency using the schema-conditioned IDM probe. Physion contact readout is evaluated by
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Table 1: External latent-space baselines on EgoDex. DINO-based models operate in a different latent
space from V-JEPA-style models, so raw MSE and cosine similarity are not directly comparable; we
mark these entries as N/A and emphasize IDM-based action recoverability metrics for cross-latent-
space comparison.

Method Latent Space Predictor MSE↓ Cos↑ ADE↓ FDE↓ PCK↑

V-JEPA2 AC V-JEPA2 standard 5.93 0.65 0.10 0.10 0.33
V-JEPA2 V-JEPA2 MLP 6.42 0.62 0.10 0.09 0.29
DINO-WM DINOv2 standard N/A N/A 0.11 0.11 0.24
DINOv2 DINOv2 MLP N/A N/A 0.12 0.11 0.24

GeneralistJEPA V-JEPA2 standard 5.92 0.66 0.09 0.09 0.40

Table 2: Physion contact readout results. We report Contact Accuracy, Balanced Accuracy, and
ROC-AUC under the contact/OCP readout protocol.

Method Contact Acc↑ Balanced Acc↑ ROC-AUC↑

DINO-WM 0.6483 0.6483 0.7049
V-JEPA observed-only 0.7383 0.7383 0.8201
V-JEPA AC Predictor 0.7408 0.7408 0.8213

GeneralistJEPA 0.7817 0.7817 0.8622

Table 3: Per-subtask action recoverability on three unseen EgoDex subtasks: assemble square
table, fold, and insert round table. Each subtask reports ADE↓, FDE↓, and PCK@0.05↑.

Method Assemble Square Table Fold Insert Round Table

ADE ↓ FDE ↓ PCK ↑ ADE ↓ FDE ↓ PCK ↑ ADE ↓ FDE ↓ PCK ↑

DINOv2 + AC MLP 0.0572 0.0558 0.4501 0.2084 0.1840 0.0256 0.0689 0.0659 0.3370
V-JEPA2 AC 0.0516 0.0516 0.5707 0.1895 0.1833 0.0272 0.0610 0.0594 0.4081
DINO-WM 0.0570 0.0559 0.4493 0.1987 0.1786 0.0192 0.0658 0.0634 0.3512

GeneralistJEPA 0.0453 0.0446 0.6800 0.1842 0.1740 0.0272 0.0601 0.0593 0.4428

Table 4: BAIR robot pushing results in the V-JEPA latent space. Shuffle and zero sensitivities
measure whether replacing or removing the action input degrades future latent prediction.

Method MSE↓ Cos↑ R@1↑ R@5↑ Shuffle Sens↑ Zero Sens↑

V-JEPA + MLP 5.3124 0.6653 0.2188 0.9049 0.0274 0.0441
V-JEPA Predictor 4.6027 0.7178 0.2474 0.9974 0.0000 0.0000
GeneralistJEPA 4.4828 0.7271 0.3464 0.9987 0.1910 0.1571
GeneralistJEPA w/Aux 4.4782 0.7272 0.3581 0.9987 0.2078 0.1655

Contact Accuracy, Balanced Accuracy, and ROC-AUC. Metric definitions and implementation
details are provided in Appendix E.3.

4.2 Experimental Results

EgoDex Cross-Task Generalization. EgoDex is our primary held-out generalization benchmark.
Models are trained on seen embodied action/task categories and evaluated on three disjoint held-out
subtasks. Table 1 compares frozen-backbone latent predictors, and Table 3 further breaks down action
recoverability by held-out subtask.

Within the V-JEPA2 latent space, the standard action-conditioned Transformer improves over a
shallow MLP predictor, confirming that a strong frozen encoder alone is insufficient. Across latent
backbones, V-JEPA2-based predictors preserve more action-recoverable dynamics than DINOv2-
based predictors. GeneralistJEPA achieves the best overall action recoverability, improving PCK
from 0.33 to 0.40 over the V-JEPA2 AC baseline, showing that VWM motion rewards improve the
action-relevant structure of predicted future latents. GeneralistJEPA improves ADE, FDE, and PCK
on all reported held-out subtasks, indicating stronger recoverable action dynamics across unseen tasks.
The fold subtask remains the most challenging, with substantially larger displacement errors than
assembly or insertion subtasks, motivating per-subtask reporting in addition to aggregate metrics.
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Table 5: Component ablation on EgoDex with latent prediction, action sensitivity, and IDM-based
action recoverability metrics. ∆Err denotes temporal latent-delta error. Aligned Gen∆ is our offline
VWM motion reward. The two selected variants are placed at the bottom: GeneralistJEPA (Cross-
Attn) for calibrated latent prediction and GeneralistJEPA-GatedAdd for action recoverability. Bold
indicates the best result.

Components Aux. λ MSE↓ Cos↑ R@1↑ ∆Err↓ Shuffle↑ Zero↑ ADE↓ FDE↓ PCK@.05↑

Basic – 5.9312 0.6540 0.8178 11.214 0.1011 0.1058 0.0973 0.0983 0.3229
Basic + GenAbs 0.1 5.9240 0.6547 0.8323 11.216 0.1059 0.1161 0.0963 0.0975 0.3232
Basic + Factorized + Cross-Attn – 5.9424 0.6534 0.7516 11.207 0.0550 0.0814 0.0973 0.0948 0.3922
Basic + Factorized + Cross-Attn + Aligned Gen∆ 0.2 5.9287 0.6546 0.7536 11.177 0.0814 0.1022 0.0968 0.0930 0.3689
Basic + Factorized + Cross-Attn + Shuffled Gen∆ 0.1 5.9325 0.6546 0.7702 11.194 0.0785 0.1111 0.0972 0.0941 0.3636
Basic + Factorized + Cross-Attn + Real-∆ Aux 0.1 5.9276 0.6541 0.7536 11.190 0.0439 0.0650 0.1004 0.0963 0.3626

GeneralistJEPA (Cross-Attn) 0.1 5.9177 0.6552 0.7743 11.172 0.0846 0.0825 0.0938 0.0948 0.3526
GeneralistJEPA-GatedAdd 0.1 6.2485 0.6310 0.8571 11.768 0.1815 0.2117 0.0931 0.0909 0.4222

Input DINO-WM VJEPA VJEPA AC Ours Input DINO-WM VJEPA VJEPA AC Ours

Figure 2: Qualitative visualization of predicted future hand trajectories. We decode future hand
trajectories from predicted latents using the schema-conditioned IDM probe and overlay the resulting
3D joints on a reference frame. The color gradient indicates temporal progression, from red at the
trajectory start to blue at the final endpoint. Compared with DINO-WM, V-JEPA, and V-JEPA AC,
GeneralistJEPA produces smoother trajectories and blue endpoints that better align with the expected
hand-object interaction, indicating stronger held-out action generalization.

Component Ablation. Table 5 ablates the core design choices of GeneralistJEPA. Aligned Gen∆ de-
notes our offline VWM motion reward, and detailed variant definitions are provided in Appendix E.4.
GenAbs improves some latent metrics but does not improve temporal-delta error, supporting our
claim that absolute generated futures are not ideal targets. Cross-Attn with Aligned Gen∆ achieves
the best MSE, cosine similarity, and ∆Err, and is therefore used as the main calibrated variant.
GeneralistJEPA-GatedAdd achieves the best action recoverability and sensitivity metrics, revealing a
calibration–recoverability trade-off. Shuffled Gen∆ and Real-∆ Aux underperform aligned VWM
motion rewards, indicating that the gains are not explained by generic temporal smoothing alone.

BAIR Robot Pushing. On BAIR, GeneralistJEPA reduces MSE from 4.6027 to 4.4828 over the
V-JEPA Predictor baseline and improves R@1 from 0.2474 to 0.3464. Adding a lightweight content-
smoothing auxiliary term further improves MSE to 4.4782 and R@1 to 0.3581. The gains in shuffle
and zero sensitivity show that GeneralistJEPA uses the action input more effectively than the real-only
baseline.

Physion Contact Readout. GeneralistJEPA achieves the best result across all Physion contact
readout metrics. It improves Contact Accuracy from 0.7408 to 0.7817 over the V-JEPA AC Predictor
and improves ROC-AUC from 0.8213 to 0.8622, suggesting that its predicted future latents better
preserve physically relevant contact information.

Qualitative Action-Trajectory Visualization. Figure 2 visualizes future hand trajectories decoded
from predicted latents using the schema-conditioned IDM probe and overlaid on a reference frame.
The color gradient denotes temporal progression, from red at the trajectory start to blue at the final
endpoint. Compared with DINO-WM, V-JEPA, and V-JEPA AC, GeneralistJEPA produces smoother
and more temporally coherent trajectories, and its blue endpoints align more closely with the expected
hand-object interaction. This qualitative trend matches the quantitative improvements in ADE, FDE,
and PCK, suggesting that VWM motion-reward supervision improves held-out action generalization
rather than merely reducing latent prediction error.

5 Conclusion

We presented GeneralistJEPA, a generalist action-conditioned JEPA framework that transfers broad
motion priors from frozen video world models into efficient latent predictors. Rather than using
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generated videos as absolute targets, GeneralistJEPA anchors prediction with real future latents and
distills only patch-level temporal deltas from same-action generated rollouts as offline VWM motion
rewards. This design preserves the efficiency of JEPA latent rollout while leveraging the scale and
diversity of controllable video world models. Across EgoDex, BAIR, and Physion, GeneralistJEPA
improves latent prediction, action sensitivity, action recoverability, and physical contact readout
under held-out generalization settings. Together, these results suggest that frozen video world models
can serve as scalable offline teachers for more generalist latent predictors beyond narrow embodied
training distributions. Looking forward, we hope this direction helps pave the way toward addressing
the long-standing bottleneck in scaling up action-conditioned latent world models.
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A Additional Analysis of Action-Conditioned Predictor Generalization

A.1 Encoder Generality Does Not Guarantee Predictor Generalization

A JEPA-style latent world model contains two different components: a visual encoder and a transition
predictor. Let E be a frozen JEPA encoder pretrained on a broad video distribution DE(x). Let Pθ
be an action-conditioned predictor trained on an embodied action-conditioned dataset DAC(h, a, h

′).
The encoder learns a representation map

E : x 7→ h,

whereas the action-conditioned predictor must learn a conditional transition

Pθ : (h, a) 7→ h′.

These are different generalization problems. Broad pretraining of E can provide useful visual
representations, but the predictor still depends on the coverage of the joint latent-action distribu-
tion DAC(h, a). Therefore, encoder generalization over observations does not imply transition
generalization over latent-action pairs.

In practice, DAC is determined by the embodied dataset used for predictor training. Its support
is constrained by the robot embodiment, camera setup, action parameterization, task set, object
distribution, and data collection policy. If the test distribution contains unseen action categories, new
objects, new tasks, or new embodiments, then the predictor is evaluated on latent-action pairs that
may be weakly covered or entirely unsupported by the training distribution. This is the sense in which
the action-conditioned predictor becomes the bottleneck.

A.2 Distribution-Shift Bound

Let z = (h, a) denote the latent state and planned action input, and let y = h′ denote the future latent
target. For a predictor P ∈ H and a loss ℓ, define the risk

RD(P ) = E(z,y)∼D [ℓ(P (z), y)] .

Let Dtr and Dte denote train and test distributions. Consider a loss-induced hypothesis discrepancy

DiscH(Dtr,Dte) = sup
P,Q∈H

|Ez∼Dtrℓ(P (z), Q(z))− Ez∼Dteℓ(P (z), Q(z))| .

By standard domain-adaptation arguments, for any P ∈ H,

Rte(P ) ≤ Rtr(P ) + DiscH(Dtr,Dte) + λ⋆,

where
λ⋆ = min

P∈H
Rtr(P ) +Rte(P ).

This bound emphasizes that low training risk does not guarantee low test risk under a large latent-
action distribution shift. A broadly pretrained encoder may reduce the difficulty of representing
observations, but it does not remove the discrepancy in the conditional transition-learning problem.

A.3 Non-Identifiability Outside the Training Support

Let
Str = supp(Dtr(z)).

Assume there exists a held-out test input z⋆ = (h⋆, a⋆) such that

z⋆ /∈ Str.

Then there exist two transition functions f1 and f2 satisfying

f1(z) = f2(z), ∀z ∈ Str,

but
f1(z

⋆) ̸= f2(z
⋆).

Both functions induce identical training observations and identical empirical risk, yet they disagree
on the held-out region. Therefore, the transition at z⋆ is not identifiable from the action-conditioned
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training data alone. Additional priors or broader support are required for reliable out-of-distribution
transition prediction.

This non-identifiability result does not imply that generalization is impossible. Rather, it shows
that a predictor trained only on a narrow embodied support cannot be guaranteed to infer the
correct transition in unseen regions without additional inductive bias or external dynamics priors.
GeneralistJEPA uses frozen controllable video world models as such an external prior.

A.4 Video World Models as Broader Motion Priors

A controllable video world model defines a video-space conditional distribution
x̃t+1:t+T ∼ GVWM(· | r(at+1:t+T )),

where r(a) is a rendered visual control signal. The control signal may be a skeleton, trajectory, mask,
reference, or other video-space condition. We do not interpret this interface as a universal robot action
space. Instead, it is a broad visual-control manifold that can express diverse action-like motion cues.

After encoding generated rollouts with the frozen JEPA encoder,

h̃t+1:t+T = E(x̃t+1:t+T ),

the generated rollouts induce latent motion references. Because the video world model is trained on
broader video distributions than the action-conditioned predictor, these generated rollouts can provide
motion priors outside the narrow support of the embodied training data. However, generated rollouts
may not preserve the source content. Therefore, they should be used as motion-reward supervision
rather than full future-latent targets.

B Additional Analysis of Generated Futures and Motion-Reward Distillation

B.1 Bias from Direct Generated-Latent Distillation

We provide a simple analysis showing why directly distilling generated futures can bias an action-
conditioned latent predictor when generated content does not match the observed source context.

Assume a real future latent decomposes as

hreal = csrc + d(a) + ϵ,

where csrc denotes source-conditioned content continuation, d(a) denotes action-induced dynamics,
and ϵ is residual noise. A generated future latent under the same action decomposes as

h̃ = cgen + d(a) + η,

where cgen may differ from csrc because a video world model may change the environment, object
identity, visual appearance, or generation style.

Consider optimizing a predictor output y with a weighted combination of real and generated squared
losses:

min
y

∥y − hreal∥22 + λ∥y − h̃∥22.

The minimizer is obtained by setting the derivative to zero:

2(y − hreal) + 2λ(y − h̃) = 0,

which gives

y⋆ =
hreal + λh̃

1 + λ
.

Substituting the decompositions of hreal and h̃ yields

y⋆ = csrc + d(a) +
λ

1 + λ
(cgen − csrc) +

ϵ+ λη

1 + λ
.

The term
λ

1 + λ
(cgen − csrc)

is a content-bias term induced by generated futures. It is unrelated to the desired action-induced
dynamics and can corrupt source-conditioned future prediction. Thus, generated futures should not
be used as full latent targets when their content is not aligned with the observed source context.
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B.2 Why Patch-Level Motion Rewards Avoid the Content Bias

In GeneralistJEPA, the full predicted future latent is anchored by real data:

ĥ = Fψ(c, d), Lreal = D(ĥ, hreal).

Generated rollouts do not directly supervise ĥ as absolute future targets. Instead, we use only their
temporal changes as offline VWM motion rewards. Given the predicted future latent ĥt+1:t+T and
the generated future latent h̃t+1:t+T , we compute

∆ĥt+i = ĥt+i+1 − ĥt+i, ∆h̃t+i = h̃t+i+1 − h̃t+i, i = 1, . . . , T − 1.

The motion-reward distillation loss is

LMR = D
(
∆ĥt+1:t+T−1,∆h̃t+1:t+T−1

)
.

This objective encourages the predicted temporal dynamics to follow same-action generated motion
while preventing source-mismatched generated content from becoming an absolute latent target. It
therefore preserves the real-data anchor for source-conditioned content while transferring useful
temporal-dynamics priors from video world models.

B.3 Offline VWM Motion-Reward Bank

The VWM motion-reward bank is constructed offline. For each training sample, we render the
planned action proxy into a visual control signal,

ut+1:t+T = r(at+1:t+T ),

and use a frozen controllable video world model to generate a same-action future rollout:

x̃t+1:t+T ∼ GVWM(· | ut+1:t+T ).

The generated rollout is then encoded by the frozen JEPA encoder:

h̃t+1:t+T = E(x̃t+1:t+T ).

For each sample, the bank stores(
h≤t, ht+1:t+T , h̃t+1:t+T , at+1:t+T

)
,

together with metadata needed for alignment and evaluation. The generated latent is stored at patch
level, so the motion reward can be computed over token-level temporal deltas. During predictor
training, no video generation, video decoding, or generated-video JEPA encoding is performed inside
the optimization loop.

C Supplementary Details for Experimental Variants

This section summarizes the experimental variants used in the main paper. We include these definitions
to clarify the role of each control without introducing additional performance claims beyond the main
results.

Basic. The Basic predictor denotes the standard action-conditioned latent predictor. It directly maps
observed past latents and action inputs to future JEPA latents without content–dynamics factorization
or generated supervision.

GenAbs. GenAbs adds absolute generated-latent supervision from VWM-generated rollouts. It
tests the naive alternative of using generated future latents as direct future targets. As discussed in
Appendix B.1, this can introduce source-mismatched content bias when generated scenes, objects, or
appearances differ from the real future.

Factorized. The factorized predictor separates future latent prediction into a source-conditioned
content branch and an action-induced dynamics branch. This decomposition reduces interference
between static content continuation and action-dependent temporal change.

17



Cross-Attn. Cross-Attn denotes the content-anchored cross-attention fusion module used in the
main calibrated variant of GeneralistJEPA. It allows content tokens to attend to action-induced
dynamics cues, injecting motion while preserving the calibrated JEPA latent manifold.

GatedAdd. GatedAdd denotes a gated additive fusion variant studied in ablations. It injects the
dynamics branch through a learned residual gate. This variant can improve action recoverability but
may trade off latent calibration.

Aligned Gen∆. Aligned Gen∆ is our offline VWM motion reward. It uses the temporal deltas of
the clip-aligned generated future latent as supervision:

∆h̃t+i = h̃t+i+1 − h̃t+i.

This transfers same-action motion information without treating generated content as an absolute
target.

Shuffled Gen∆. Shuffled Gen∆ is a negative control. It uses the same generated temporal-delta
targets but randomly mismatches them with different source clips. This tests whether the benefit of
Aligned Gen∆ comes from clip-aligned generated motion rather than generic temporal regularization.

Real-∆ Aux. Real-∆ Aux adds a lightweight temporal smoothing term using deltas computed from
real future latents. It tests whether the gains from Aligned Gen∆ can be explained solely by a generic
temporal-delta auxiliary loss.

D Reproducibility Details

Frozen representations. All latent prediction experiments operate in frozen representation spaces.
The JEPA encoder is not finetuned during predictor training. Generated videos are also encoded
offline, and the resulting latent tensors are cached before predictor optimization.

Offline generation. The controllable video world model is used only for offline bank construction.
It is not queried during predictor training or inference. This design amortizes the cost of pixel-space
generation and ensures that all predictor variants can be compared using the same cached real and
generated latents.

Training and checkpoint selection. The predictor is first trained with a real-only warmup before
enabling the VWM motion reward. The main configuration uses λMR = 0.1. Checkpoints are
selected using held-out real future prediction metrics rather than generated-video scores, ensuring
that generated supervision does not dominate the real-data objective.

Evaluation. The main paper reports latent prediction, action sensitivity, action recoverability, and
physical contact readout metrics. For cross-latent-space comparisons, raw MSE and cosine similarity
are not compared across incompatible feature spaces; instead, we emphasize action recoverability
through backbone-specific inverse dynamics probes.

E Experimental Details

This section provides detailed dataset protocols, baseline definitions, evaluation metrics, and experi-
mental variant descriptions for the experiments in Section 4.

E.1 Datasets and Protocols

EgoDex. EgoDex [31] is our primary benchmark for held-out cross-task generalization. Models are
trained on seen embodied action/task categories and evaluated on three disjoint held-out subtasks:
assemble square table, fold, and insert round table. This setting directly tests whether
an action-conditioned latent world model can generalize beyond the action and task distributions
observed during training. Since the held-out subtasks have imbalanced sample counts, the main paper
reports both aggregate and per-subtask action recoverability.
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BAIR Robot Pushing. BAIR Robot Pushing [26] is used as a complementary future-frame latent-
prediction benchmark. All BAIR methods are evaluated in the same V-JEPA latent space. Given past
latent tokens hpast and an action sequence a, the model predicts future latent tokens

ĥ1:T = f(hpast,a),

which are compared against ground-truth future latents h1:T extracted by the same frozen V-JEPA
encoder. Since these metrics are computed directly in latent space, they are comparable only among
models using the same latent backbone.

Physion. Physion [9] is used to evaluate whether predicted future latents preserve physically relevant
contact information. We train a token-level Transformer readout for physical contact prediction. The
readout input consists of observed V-JEPA tokens and predicted future V-JEPA tokens. We use 2,000
training samples, 400 validation samples, and 1,200 test samples. The protocol uses Tpast = 32 and
Tfuture = 32, with no action input. Each sample contains 256 observed tokens and 128 predicted
future tokens. The readout is trained for 50 epochs and selected by validation readout performance.

E.2 Baselines

EgoDex baselines. On EgoDex, we compare GeneralistJEPA with frozen-backbone latent predictor
baselines. V-JEPA2 [4] denotes a frozen V-JEPA2 latent backbone with a shallow action-conditioned
MLP predictor. V-JEPA2 AC [4] denotes a frozen V-JEPA2 latent backbone with a standard
action-conditioned Transformer predictor. DINOv2 [52] denotes a frozen DINOv2 latent backbone
with a shallow action-conditioned MLP predictor. DINO-WM [68] denotes a DINO-WM-style
action-conditioned Transformer predictor trained on frozen DINOv2 features. All baselines use
cached frozen features and are trained only in latent space, without pixel-level finetuning or test-time
optimization. Since V-JEPA2 and DINOv2 features have different scales and feature distributions,
raw latent MSE and cosine similarity are comparable only within the same latent space. For
cross-backbone comparison, we emphasize action recoverability through backbone-specific inverse
dynamics probes.

BAIR baselines. On BAIR, we compare against V-JEPA-space latent predictors, including a shallow
V-JEPA MLP baseline and a standard V-JEPA Predictor. The GeneralistJEPA + Aux variant adds a
lightweight smoothing auxiliary term on the content loss.

Physion baselines. On Physion, we compare against DINO-WM, V-JEPA observed-only latents,
and a V-JEPA AC Predictor. This evaluates whether predicted future latents improve downstream
physical contact readout beyond observed-only and standard predictor baselines.

E.3 Evaluation Metrics

Latent prediction. For latent prediction, we report mean squared error (MSE) between predicted
and ground-truth future latents:

MSE =
1

TPD

T∑
t=1

P∑
p=1

D∑
d=1

(
ĥt,p,d − ht,p,d

)2

,

where T is the number of future frames, P is the number of latent tokens per frame, and D is the
latent dimension. We also report cosine similarity after flattening all future-frame latent tokens:

Cos =

〈
vec(ĥ1:T ), vec(h1:T )

〉
∥∥∥vec(ĥ1:T )

∥∥∥
2
∥vec(h1:T )∥2

.

Retrieval accuracy. Retrieval accuracy evaluates whether the predicted future representation
retrieves its paired ground-truth future representation from the test pool. For each predicted future
latent, all ground-truth future latents in the test set are ranked by similarity. R@1 is correct if the
paired future latent is ranked first, and R@5 is correct if it appears among the top five retrieved
candidates.
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Temporal latent-delta error. We report temporal latent-delta error (∆Err) in the component
ablation. It compares predicted and real future temporal changes:

∆Err = D
(
∆ĥ1:T−1,∆h1:T−1

)
,

where
∆ĥt = ĥt+1 − ĥt, ∆ht = ht+1 − ht.

Lower ∆Err indicates better temporal-dynamics prediction in the target latent space.

Action sensitivity. Shuffle sensitivity replaces the correct action sequence with an action sequence
from another sample:

ShuffleSens = MSE
(
f(hpast,ashuffle),h1:T

)
−MSE

(
f(hpast,a),h1:T

)
.

Zero sensitivity replaces the action sequence with zeros:

ZeroSens = MSE
(
f(hpast,0),h1:T

)
−MSE

(
f(hpast,a),h1:T

)
.

Larger values indicate that corrupting or removing the action input causes larger degradation, sug-
gesting stronger use of action conditioning.

Action recoverability. For action recoverability on EgoDex, we use a schema-conditioned inverse
dynamics model (IDM) probe. Given a predicted action trajectory x̂1:T and the ground-truth trajectory
x1:T , ADE measures the average Euclidean distance over future timesteps:

ADE =
1

T

T∑
t=1

∥x̂t − xt∥2 .

FDE measures the endpoint error at the final future timestep:

FDE = ∥x̂T − xT ∥2 .

PCK@0.05 measures the fraction of predicted action points whose distance to the ground truth is
below a normalized threshold of 0.05:

PCK@0.05 =
1

T

T∑
t=1

I [∥x̂t − xt∥2 < 0.05] .

Lower ADE/FDE and higher PCK indicate better recovery of action-relevant dynamics from predicted
future latents.

Physion contact readout. For Physion contact readout, we report Contact Accuracy, Balanced
Accuracy, and ROC-AUC. Given a binary contact label yi ∈ {0, 1} and a predicted contact probability
pi, Contact Accuracy is

Acc =
1

N

N∑
i=1

I [I(pi > 0.5) = yi] .

Balanced Accuracy averages the true positive rate and true negative rate:

BalancedAcc =
1

2

(
TP

TP + FN
+

TN

TN+ FP

)
.

ROC-AUC measures the threshold-independent ranking quality of predicted contact scores. Higher
Contact Accuracy, Balanced Accuracy, and ROC-AUC indicate better physical contact readout from
the predicted future latents.

E.4 Experimental Variant Definitions

Basic. The Basic predictor denotes the standard action-conditioned latent predictor. It directly
predicts future V-JEPA2 latents from observed past latents and action inputs, without explicit content–
dynamics factorization or generated supervision.
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GenAbs. GenAbs adds absolute generated-latent supervision from video-world-model rollouts. It
tests whether generated future latents should be treated as direct future targets. Because generated
videos may change scene content, object identity, or appearance, GenAbs can introduce source-
mismatched content bias.

Factorized. Factorized separates prediction into content and dynamics branches. This reduces
interference between source-conditioned content continuation and action-induced motion prediction.

Cross-Attn. Cross-Attn is a content-anchored cross-attention fusion module. It allows content
tokens to attend to action-induced dynamics cues, injecting motion information while preserving the
calibrated V-JEPA latent manifold. This is the fusion module used by the main calibrated variant of
GeneralistJEPA.

GatedAdd. GatedAdd injects the dynamics branch through a learned residual gate. This variant
can improve action recoverability and action sensitivity, but may trade off latent calibration.

Aligned Gen∆. Aligned Gen∆ denotes our offline VWM motion reward. For each source clip,
we use the matched generated future from the video world model bank and supervise only temporal
latent differences:

∆h̃gen
t = h̃gen

t+1 − h̃gen
t .

This transfers motion-level supervision without forcing the model to imitate the absolute content of
generated videos.

Shuffled Gen∆. Shuffled Gen∆ is a negative control. It uses the same generated temporal deltas
but randomly mismatches them with different source clips. This tests whether the benefit comes from
clip-aligned generated motion rather than generic temporal regularization.

Real-∆ Aux. Real-∆ Aux adds a lightweight temporal smoothing term to the content loss using
deltas from real future latents. It tests whether the benefit of Aligned Gen∆ can be explained by
generic temporal smoothing alone.

GeneralistJEPA (Cross-Attn). This is the main calibrated variant of GeneralistJEPA. It uses
content–dynamics factorization, Cross-Attn fusion, and Aligned Gen∆ with auxiliary weight 0.1,
corresponding to λMR = 0.1.

GeneralistJEPA-GatedAdd. This variant replaces Cross-Attn fusion with GatedAdd fusion while
retaining Aligned Gen∆. It is included to analyze the trade-off between latent calibration and action
recoverability.

E.5 Qualitative Visualization Protocol

For qualitative action-trajectory visualization, we decode future hand trajectories from predicted future
latents using the same schema-conditioned IDM probe used in the quantitative action-recoverability
evaluation. The decoded 3D joints are overlaid on a reference frame. The color gradient indicates
temporal progression, from red at the trajectory start to blue at the final endpoint. This visualization al-
lows us to inspect whether predicted future latents preserve temporally coherent and action-consistent
hand motion under held-out generalization.

E.6 Implementation and Reproducibility Notes

All latent prediction experiments operate in frozen representation spaces. The JEPA encoder is not
finetuned during predictor training. Generated videos are encoded offline, and the resulting latent
tensors are cached before predictor optimization. The controllable video world model is not queried
during predictor training or inference. This design amortizes the cost of pixel-space generation and
ensures that predictor variants can be compared using the same cached real and generated latents.

The predictor is trained with a real-only warmup before enabling the VWM motion reward. The
main configuration uses λMR = 0.1. Checkpoints are selected using held-out real future prediction
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metrics rather than generated-video scores, ensuring that generated supervision does not dominate
the real-data objective. For cross-latent-space comparisons, raw MSE and cosine similarity are not
compared across incompatible feature spaces; instead, we emphasize action recoverability through
backbone-specific IDM probes.

F Broader Impact

This work studies generalist action-conditioned latent world models for video understanding, em-
bodied prediction, and robotics-oriented representation learning. Potential positive impacts include
improving the efficiency and generalization of latent world models, reducing the need for expensive
real-world data collection, and enabling better evaluation of action-conditioned prediction under
held-out categories. Because the method operates in latent space and uses video generation models
only offline to provide motion-reward supervision, it does not directly release a general-purpose video
generator or a deployed decision-making system.

Potential risks are mainly indirect. Improved motion prediction and video-world-model techniques
could eventually be incorporated into systems for surveillance, manipulation, or synthetic media
generation. We mitigate these risks by focusing on benchmark evaluation, latent prediction, and
reproducible research artifacts rather than deployment or unrestricted generative applications. Any
released code or intermediate artifacts are intended for research use and should be used consistently
with the licenses and terms of the underlying datasets and pretrained models.

G Existing Assets and Licenses

Our experiments use existing public datasets, pretrained encoders, controllable video world models,
and baseline implementations. We cite the original papers and repositories for all datasets, models,
and code assets used in this work. All assets are used for research purposes and according to their
respective licenses and terms of use. When releasing code or derived intermediate artifacts, we will
provide documentation describing the source assets, preprocessing steps, and intended research use.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state the paper’s main contributions: a generalist
action-conditioned JEPA-style latent world model, an offline video-world-model generated
temporal-delta supervision strategy, and evaluations under held-out action/task categories.
The claims are supported by the experimental comparisons, ablations, and analysis presented
in the main paper and appendix.

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: The paper discusses limitations in the appendix, including the dependence on
frozen encoders and controllable video world models, the remaining interface gap between
visual controls and embodied action representations, and the current evaluation scope. These
limitations clarify the scope of the claims while motivating future work on broader embodied
datasets and stronger video-world-model priors.

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not present formal theoretical theorems or proofs. The risk
decomposition and latent factorization discussion are used as conceptual motivation for the
proposed method rather than as formal theoretical results.

Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper describes the model architecture, training objectives, generated-delta
teacher bank construction, datasets, evaluation protocols, and main hyperparameters needed
to reproduce the experimental results. Additional implementation details, preprocessing
descriptions, and evaluation settings are provided in the supplemental material.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: The paper provides detailed methodology, training objectives, dataset prepara-
tion, evaluation protocols, and hyperparameters needed to reproduce the main results. The
code and scripts are currently undergoing administrative approval for public release, and we
plan to open-source the reproducibility package upon acceptance.
Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: The main paper and appendix specify the datasets, held-out category protocol,
model variants, loss terms, warmup schedule, key hyperparameters, optimizer settings, and
evaluation metrics. The appendix provides additional details for reproducing the training
and test settings.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: The current submission emphasizes controlled comparisons under fixed
train/test splits, consistent evaluation protocols, and ablations across multiple datasets
and metrics. While full multi-seed error bars are computationally expensive for latent world-
model training with generated-delta banks, the reported results are supported by consistent
trends across datasets, metrics, and controlled model variants.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Guidelines:
• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
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Answer: [Yes]
Justification: The supplemental material reports the compute resources used for the main
experiments, including GPU type, number of GPUs, training time, and the offline nature of
generated-delta bank construction. Since video generation and JEPA encoding are performed
offline, predictor training does not require online video synthesis.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research follows the NeurIPS Code of Ethics. It uses publicly available
datasets and pretrained models under their respective terms, focuses on latent world-model
learning and evaluation, and does not involve collecting new human-subject data or deploying
a system that makes decisions about individuals.
Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: The paper discusses broader impacts in the appendix. Potential positive
impacts include more efficient and generalizable latent world models for embodied AI,
robotics, and video understanding, while potential risks include misuse of improved video or
motion prediction systems; the paper also emphasizes that the proposed method is evaluated
as an offline research model rather than a deployed decision-making system.
Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The paper does not release a high-risk pretrained language model, image
generator, or newly scraped dataset. The released research artifacts, if any, are intended
to reproduce latent world-model training and evaluation rather than to provide a general-
purpose generation system.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: The paper cites the original datasets, pretrained encoders, controllable video
world models, and relevant baseline methods used in the experiments. The supplemental
material summarizes the asset sources and states that all datasets and models are used
according to their respective licenses and terms of use.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
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13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The paper introduces code and generated intermediate artifacts for constructing
and using the offline generated-delta teacher bank. The supplemental material documents
the data format, preprocessing pipeline, training commands, evaluation scripts, and intended
research use.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [N/A]
Justification: The paper does not involve crowdsourcing experiments or newly collected
human-subject data. All experiments are conducted using existing datasets, pretrained
models, and offline evaluation protocols.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The paper does not conduct new human-subject research or crowdsourcing.
Therefore, IRB approval or equivalent review is not applicable to the experiments reported
in this work.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The core method does not rely on LLMs as an important, original, or non-
standard component. Any use of language models for writing, editing, or formatting
assistance does not affect the methodology, experiments, scientific claims, or originality of
the research.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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