DREAMSTEER: Latent World Models can steer VLA
Policies during deployment without any finetuning

Hanchen Cui'»2*, Sergio Arnaud', Arjun Majumdar', Daniel Dugas', Elie Aljalbout’,
Karthik Desingh?, Krishna Murthy Jatavallabhula'’, Franziska Meier'

'Fundamental AI Research (FAIR), Meta 2University of Minnesota Twin Cities

*Work done during an internship at Meta tJoint last authors

Abstract: Pretrained vision-language—action (VLA) policies show promising
zero-shot generalization, but often fail under deployment-time distribution shift,
leading to decreased robustness and inconsistent instruction following. While
prior work commonly tackles this by finetuning on in-distribution data, it assumes
demonstrations collected on tasks in the target environment. In this work, we
propose DREAMSTEER, a deployment-time steering framework for pretrained
VLAs without any finetuning or parameter modifications. The key insight in
DREAMSTEER is to leverage a latent world model and a value model to steer
pretrained VLA policies. During deployment, DREAMSTEER samples candidate
action chunks from a VLA policy and predefined motion primitives, imagines their
outcomes using an action-conditioned latent world model, and ranks the imagined
trajectories with a language-conditioned value model. Across four real-world ma-
nipulation benchmarks with unseen objects, DREAMSTEER improves task success
rate from 23.75% to 66.25% and instruction-following accuracy from 38.75% to
56.25% over the base VLA policy. Videos are available on the project website:
https://dream-steer.github.io/.
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Figure 1: DREAMSTEER: deployment-time policy steering. A frozen VLA policy proposes candidate action
chunks, which are augmented with a small set of predefined Cartesian action primitives. A latent world model
predicts future observations, and a language-conditioned value model ranks the resulting trajectories before
execution. All models are trained frozen, and no target-environment data is used during model training.

1 Introduction

Recent progress in large-scale multimodal pretraining has enabled VLA policies [1, 2, 3, 4, 5] that
integrate perception, language understanding, and control within a unified framework. Trained on
large-scale robot datasets, these models show promising transfer to new tasks, objects, and envi-
ronments. However, pretrained VLAs remain brittle under deployment-time distribution shift, often
failing on unseen objects or producing behaviors that violate language instructions. While finetun-
ing can improve performance, it requires additional target-domain data and modifies the pretrained



policy, which may not be desired or feasible. This raises a key question: how can we improve
pretrained VLA policies at deployment time without target-domain data finetuning?

In the context of large language models, a similar challenge is tackled by fest-time steering ap-
proaches that sample candidate outputs and rerank them using external judges or scoring models to
improve reliability without retraining [6, 7]. Pretrained VLAs provide a natural analogue: diffusion-
based policies [1, 2] and autoregressive VLASs [3, 4, 5] both produce stochastic action samples that
can be steered at inference time. However, unlike text outputs, the quality of an action chunk cannot
be evaluated directly before execution in the physical world.

World models [8, 9, 10] provide a natural mechanism for evaluating candidate actions before ex-
ecution. Conceptually, they enable thinking before acting. Given the current observation and a
candidate action chunk, an action-conditioned world model can predict the resulting future observa-
tions. These imagined rollouts can then be ranked by a language-conditioned value model, enabling
look-ahead action evaluation at deployment time.

In this paper, we introduce DREAM-
STEER, a deployment—time steering @4 “Pick up the blue tape and place it in the black bowl.” ]
framework for pretrained VLA policies Policy-only
using latent world models with zero v
finetuning. Given a language instruction
and current observation, DREAMSTEER
samples multiple candidate action chunks
from a pretrained VLA policy and aug-
ments them with predefined motion
primitives. An action-conditioned latent
world model predicts imagined future
observations for each candidate, and a
language-conditioned value model ranks
the resulting rollouts. DREAMSTEER then
executes the highest-scoring action chunk Figure 2: DREAMSTEER improves deployment-time ro-
in the real environment. All components bustness of a pretrained, frozen VLA policy.

remain fixed during deployment, and

no target-environment data is used for adaptation. As illustrated in Fig. 2, single-sample policy
execution may fail under deployment-time distribution shift, while evaluating multiple imagined
futures before execution allows DREAMSTEER to select more reliable actions.

Our contributions are summarized as follows:

1. We introduce DREAMSTEER, a deployment-time steering framework that evaluates candidate
VLA action chunks through imagined latent-world-model rollouts before execution.

2. DREAMSTEER composes a pretrained VLA policy, a generalized latent world model, and a
language-conditioned value model at deployment time, without finetuning any component on
target-environment data.

3. We demonstrate DREAMSTEER improves OOD object manipulation success from 23.75% to
66.25%, and instruction-following accuracy from 38.75% to 56.25% over the 9 VLA policy.

2 Related Work

Generalist visuomotor policies. Large-scale multimodal pretraining has enabled vision-language—
action (VLA) models to emerge as generalist manipulation policies. Recent models such as mq [1],
GROOT [2], OpenVLA [3], RT-2 [4], and FAST [5], trained on large-scale datasets including
DROID [11], exhibit a broad range of manipulation behaviors. Despite their broad capabilities,
pretrained VLAs often remain brittle under deployment-time distribution shift [12, 13, 14], pro-
ducing semantically incorrect behaviors or failing on unseen objects and environments. Instead of



collecting new data and finetuning the policy, DREAMSTEER treats the pretrained VLA as a fixed
generative action prior and steers sampled action chunks at deployment time.

Robot World Models. World models predict future states conditioned on observations and actions,
enabling agents to evaluate action consequences before execution [8, 9, 10]. In robotics, world mod-
els support planning, policy evaluation, and data generation, with approaches differing primarily
in prediction space and action conditioning. Pixel-space models such as Cosmos [8] and Dream-
Gen [15] generate visually rich futures but remain computationally expensive for online steering.
In contrast, latent models such as DINO-WM [10] and VT-WM [16] directly predict future states
in compact latent space conditioned on robot actions, making them better suited for inference-time
action evaluation. DREAMSTEER uses an action-conditioned latent world model for efficient roll-
out and candidate evaluation. Candidate action chunks are rolled out in latent space, then decoded
into image observations. This avoids expensive pixel-space video generation while preserving an
image-based interface for evaluation.

Policy Steering and Model-Based Policy Refinement. This class of methods improves pretrained
policies using action proposals, predictive models, and external evaluators. Most policy steering
approaches follow this decomposition: a policy proposes actions, a world model rolls out their
consequences, and a value or reward model evaluates the result. Prior methods make different
choices within this design space. V-GPS [12] reranks single-step actions by a value model, without
explicit rollout prediction. FOREWARN [13], GPC [14], VLA-Reasoner [17], and LaDi-WM [18]
rely on task-specific adaptation or policy refinement. In contrast, DREAMSTEER is a generalizable
policy steering framework that performs fully deployment-time steering using a pretrained latent
world model and a language-conditioned value model, without finetuning any component on target-
task data. Table 1 summarizes the main differences.

Table 1: Comparison to policy steering and model-based refinement methods. Training-free composition
means fully plug-and-play, each component does not rely on other components and any target-task data. “-”
denotes not applicable.

Action World model Generalized Zero-shot Training-free
Method . . 2.

chunks (space | adaptation) evaluator  steering composition
V-GPS [12] X - v v X
FOREWARN [13] v Latent | task-finetuned X X X
GPC [14] v Pixel | task-finetuned X X X
VLA-Reasoner [17] v Pixel | generalized X X X
LaDi-WM [18] v Latent | task-finetuned - X X
DREAMSTEER (ours) v Latent | generalized v v v

3 Methodology

We consider language-instructed robot deployment in an unseen environment. At each timestep ¢,
the agent receives an observation o, € O and acts according to a natural language instruction ¢. The
action space is denoted by .A. Explicit reward signals and new demonstrations in target environment
are not available. Our goal is to steer a pretrained generative VLA policy at test time, without
any modifications to its parameters. The policy mg(ast+pm—1 | 01, £) defines a stochastic distribution
over action chunks a4+ g1 € A of horizon H. DREAMSTEER addresses the problem of deciding
which sampled action chunk to execute by evaluating candidate futures before acting.

3.1 World Model Training

The world model is a central component of DREAMSTEER. To support zero-shot deployment-
time steering, it must be generalizable, efficient, and robust. The world model, shown in Fig. 3,
is an action-conditioned latent dynamics model trained on heterogeneous robot and human interac-
tion data. Its design follows three principles: multi-embodiment training for broad generalization,
latent-space prediction for efficient rollout, and spatio-temporal factorization for scalable trajectory
evaluation. Additional details are provided in the supplementary material Section 7.
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Figure 3: Heterogeneous action-conditioned world model. The world model is trained on diverse robot and
human interaction datasets spanning multiple embodiments.

Multi-Embodiment Training. To learn a generalizable world model, we train on heterogeneous
datasets [11, 19, 20, 21], spanning single-arm manipulators, bimanual robots, dexterous hands,
and human demonstrations. Visual observations are mapped into a shared latent space, while
embodiment-specific action and state inputs are encoded into latent tokens using learned tokenizers.
A shared spatio-temporal transformer is trained across all embodiments. The key insight is that all
these embodiments interact with a shared physical world, allowing the backbone to learn transferable
object interaction dynamics despite embodiment gaps. Object interaction is both the most important
and most difficult component of action-conditioned prediction: robot motion is largely specified by
the action input, and static scene information is already present in the observation context, while
object interaction dynamics must be learned from diverse interaction data. Missing modalities are
masked during training to support partially observed multi-view and multi-embodiment data.

Latent-Space Dynamics. Rather than predicting pixels directly, W, predicts future states in the
latent space of a frozen DINOvV2 visual encoder. DINOvV2 latent representations capture rich se-
mantic and world knowledge while preserving task-relevant structure for downstream evaluation.
Pixel-space video generation is computationally expensive and often requires iterative denoising,
making it poorly suited for rollout-based steering over multiple candidates. Latent-space dynamics
instead enable efficient autoregressive prediction, while decoded latent rollouts can still be evaluated
by an image-based value model. In practice, latent rollout is substantially faster than video diffusion
models [22]: on the same NVIDIA RTX 4090 setup, generating three 320x 192 frames at horizon
H=10 takes 23.12 s with a video diffusion model, compared to 0.59 s for our latent world model.

Spatio-Temporal Factorization. To
support fast rollout over multiple
candidate action chunks, we use
a factorized spatio-temporal trans-
former [23]. The model consists of
N spatio-temporal blocks operating O
on visual latent tokens and action/s-
tate tokens. Each block applies self- 8-
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lustrated in Fig. 4, attention is factor- Figure 4: Spatio-temporal cross attention. Spatial cross-
’ attention attends within each timestep, while temporal cross-

attention applies causal attention across timesteps for each patch.

ized into spatial attention within each
timestep and causal temporal atten-
tion across timesteps for each patch. This factorization reduces attention complexity in the rollout
horizon H from quadratic to linear, enabling efficient evaluation of many candidate action chunks
during deployment.



3.2 DREAMSTEER

DREAMSTEER, shown in Fig. 1, steers a pretrained VLA policy by ranking imagined outcomes of
candidate action chunks before execution. At time ¢, DREAMSTEER constructs a finite candidate set

Ct — CtVLA U Cprim’

where C LA contains stochastic samples from the VLA policy and CP*™ contains predefined Carte-
sian action primitives. Each candidate action chunk is rolled out through the world model, decoded
into image observations, and scored by the value model under instruction £. DreamSteer then exe-
cutes the candidate with the highest predicted value score:
k k*

k* = argmaxke{l,...,\ctl}vw (Oh W (o1, a’i:t)-f—H—l)v £> s Qg1 = ai:t-BH—l' 1
Here, w9, Wy, and V,;, denote the policy, world model, and value model, respectively, and all remain
fixed during deployment.

Stochastic Policy Action Proposals. The policy 7y is instantiated as a pretrained VLA model.
We write the per-step observation as

0y = {Izvrist7 Itext7 sgobot’ S%ripper}’
where I denotes visual observations and s denotes proprioceptive state. Conditioned on o; and ¢,
the policy samples Kvyr,a temporally extended action chunks:

ag:kt)+H71 ~mo(- | o1, 1), k=1,...,Kvra.

These samples expose diverse behaviors already present in the generative action distribution of the
pretrained policy.

We augment these policy samples with a small primitive library CP*™. The primitive library con-
sists of fixed short-horizon Cartesian motions, including end-effector translations along left/right,
up/down, and forward/backward directions, as well as gripper open and close commands. Each
primitive is represented as an action chunk of length A, making it temporally aligned with VLA-
generated chunks. The primitives are not intended to solve manipulation tasks on their own. Instead,
they provide simple alternatives that improve candidate coverage when the VLA samples alone fail
to make progress, for example when the end effector is near the target object but the sampled actions
do not move into a grasp-ready pose.

World Model Predictive Visual Dynamics. The world model W, predicts future observations
conditioned on the current observation and a candidate action chunk:

(k k
0£+)1:t+H = W (ot, ag:t)Jerl)'

Internally, the model operates in the latent space of a frozen DINOv2 visual encoder [24]. Suppress-
ing modality-specific tokenization for clarity, the rollout can be written as

(k k (k (k
z = E(oy), Zzg—i—)l:t—i—H =1Iy (Zta ai:t)-&-H—l) ) 0§+)1:t+H = D(Zt(+)1:t+H> . 2

where F is the frozen observation encoder, Fy, is the learned latent dynamics model, and D is the
frozen decoder that reconstructs visual observations from predicted latents.

Value Function Scoring and Steering Decision. The value function V, is instantiated as a pre-
trained Vision-Language-Action-Critic (VLAC) model [25] based on the InternVL2-2B architecture
[26]. VLAC provides an instruction-conditioned progress signal over pairs of visual observations.
Given an imagined rollout for candidate k, we compute a trajectory-level score by summing pairwise
progress estimates along the decoded rollout:

H
S0 = Y VEAC(o, L ot). A = o ®
j=1



This score estimates how much the candidate action chunk advances the task specified by ¢. Dream-
Steer does not require the value model to produce calibrated absolute rewards; it only needs the
scores to rank candidates generated at the same timestep. The system then executes the action
chunk with the highest score, steering the pretrained VLA policy toward predicted outcomes that
better satisfy the language instruction.

4 Experiments

We evaluate DREAMSTEER on a real-world robot setup to study three questions: whether latent
world-model rollouts preserve task-relevant information for value-based ranking, whether DREAM-
STEER improves robustness under deployment-time distribution shift, and how action diversity and
value-guided steering contribute to performance. Across all experiments, DREAMSTEER is used
zero-shot, i.e. none of the policy, world model, or value model components are finetuned on data
from the target evaluation environment.

4.1 Real Robot Setup

Our experiments follow the DROID setup using a 7-DoF Franka Panda manipulator with a Robotiq
two-finger gripper. Compared to the original DROID configuration, we replace the exterior cameras
with Intel RealSense L515 cameras and mount the robot on a static workbench. All evaluations
are conducted in a different lab environment, introducing a different robot instance, low-level
controller, camera configuration, background, lighting, and object distribution relative to DREAM-
STEER development. These changes occur simultaneously, resulting in substantial distribution shift.

4.2 Evaluating the World Model

We first evaluate whether
latent world model rollouts
preserve the relative value
trends needed for trajectory
ranking. = DREAMSTEER
does not require calibrated
reward prediction or photo- rollout
realistic video generation,
only imagined rollouts that
preserve relative ranking
consistency across candi-
date action chunks. The
rollout results are shown in
Fig. 5. More visualiza-
tions are shown in Fig. 10
in supplementary material.
We compare value-model
scores on short ground-
truth video clips and cor-
outs generated from ac-

tion chunks with horizon Figure 5: World model rollouts across multiple embodiments. Only a sin-
H=10 under the same lan- gle camera view is visualized for clarity.

guage instructions. As

shown in Fig. 5, the two sets of scores are positively correlated, with Pearson » = 0.66 (95%
CI [0.46,0.79], p < 107%) and Spearman p = 0.69 (p < 10~7). This consistency is sufficient
for rollout ranking in DREAMSTEER. We also measure latent prediction error as rollout length in-
creases. As shown in Fig. 6, latent MSE increases gradually over the evaluated horizon, suggesting

time

A 4




---- oracle (y=x) e 0.4 4 —— MSE loss in latent space
204 — Linearfit S

0.3 A

-
(&
L

Rollout value
-
o
MSE Loss
o
N

(6]
L

0.1 A

0.0 -

0 5 10 15 20 0 50 100 150 200 250
Ground-truth value rollout length

Figure 6: Evaluative consistency of imagined rollouts. (a) Value-model scores on ground-truth and imagined
trajectories. (b) Latent prediction error versus rollout length; shaded area denotes +1 standard deviation.

OOD objects IF scenes

Figure 7: Real-world evaluation tasks. Left: OOD object manipulation tasks involving previously unseen
objects. Right: instruction-following (IF) scenes containing multiple objects and distractors.

that the model remains sufficiently stable for repeated short-horizon rollout evaluation. All the data
for quantitative evaluation are sampled from the unseen RoboArena dataset [27].

4.3 Evaluating DREAMSTEER

We evaluate DREAMSTEER as a complete system with two primary goals: (1) improving robust-
ness to out-of-distribution (OOD) objects, and (2) improving instruction-following (IF) accu-
racy under language-specified constraints. The OOD objects and the scenes used to evaluate IF
accuracy are shown in Fig. 7.

Across all experiments, we use a mg checkpoint pretrained on DROID as the base policy. Unless
otherwise specified, we use K=>5 sampled action chunks and horizon H=10. We use chunk-level
steering because imagined observations for H=1 are often too similar for reliable ranking, while
longer action chunks produce more distinguishable future states. Steering is applied once every
five control steps for efficiency. Each task is evaluated over 20 trials with randomized object poses
and positions. The steering step requires approximately 13 s of computation. This cost scales with
the number of candidate action chunks: generating, rolling out, and evaluating a single candidate
requires approximately 1s in our implementation, and we use 13 candidates during deployment.
Rollout and evaluation are fully parallelizable and could substantially reduce steering latency, as our
current implementation prioritizes feasibility over inference optimization.

OOD Object Generalization. We evaluate DREAMSTEER on OOD object manipulation using a
standard pick-and-place task, where the robot must place a specified object into a designated recep-
tacle. The task structure is fixed, but the target objects differ from the policy training distribution in
appearance, geometry, and material properties, making them challenging for the pretrained policy.
We compare DREAMSTEER against several ablations: 7y denotes single-sample policy execution;
7o + DREAMSTEER ranks multiple 7y action chunks; primitives + DREAMSTEER ranks only pre-
defined Cartesian primitives; and 7 + primitives + random selects uniformly at random from the
same candidate set as the full method.

As shown in Table 2, DREAMSTEER improves OOD manipulation success rate from 23.75% to
66.25%. Ranking multiple 7y samples improves over single-sample execution, suggesting that use-
ful action chunks exist in the policy distribution but are not reliably selected. Primitives alone
achieve zero success, while random selection over the same candidate set also fails, indicating that



both candidate diversity and value-guided ranking are necessary. The full method performs best by
combining diverse policy proposals, primitive-based local exploration, and rollout evaluation.

We also study the effect of proposal count K on the whiteboard eraser task. Increasing my samples
from K'=3 to K'=5 improves success, while increasing further to K'=7 provides little additional
benefit but increases rollout cost. We therefore use K =5 in all experiments.

Table 2: OOD object performance. Success rates over 20 trials per object. The last column reports the
aggregate success rate over all 80 trials with 95% Wilson confidence intervals.

Method Phone Mustard Tape Eraser Average 95% CI
o 4/20 3/20 6/20  6/20 2375 [15.84,34.07]
7o + DREAMSTEER 7120 6/20 11720 10/20  42.50 [32.26, 53.43]
7o + primitives + random 0/20 0/20 020 0/20 0.00 [0.00, 4.58]
primitives + DREAMSTEER 0/20 0/20 020 0/20 0.00 [0.00, 4.58]

To + primitives + DREAMSTEER  12/20  11/20  16/20 14/20 66.25 [55.39, 75.65]

Instruction Following Accuracy. We next evaluate whether DREAMSTEER improves instruction
following in complex scenes. We report instruction-following accuracy. A trial is counted as correct
if the robot makes consistent contact with, or attempts to grasp, the language-specified object. This
metric isolates semantic target selection from low-level execution difficulty, allowing us to evalu-
ate whether test-time steering improves adherence to language constraints. As shown in Table 3,
DREAMSTEER improves instruction-following accuracy from 38.75% to 56.25%, a gain of 17.5
percentage points over 7. These results suggest that imagined rollout scoring helps reject action
proposals whose predicted outcomes do not align with the semantic intent of the instruction.

Table 3: Instruction following performance. Accuracy over 20 trials per target object. The last column
reports the aggregate accuracy over all 80 trials with 95% Wilson confidence intervals.

Method Sponge Banana Pencil Apple Average 95% CI
o 8/20 920  6/20  8/20  38.75 [28.78,49.73]
7o + primitives + DREAMSTEER  14/20  13/20  9/20  9/20  56.25 [45.34, 66.57]

5 Discussion and Limitations

5.1 Why DREAMSTEER Works

Trajectory Ranking Over One-pass Generation. DREAMSTEER improves deployment-time ro-
bustness by converting single-sample action generation into a ranking problem over imagined fu-
tures. A pretrained VLA policy provides a distribution over plausible action chunks, but under
distribution shift a single sample may fail or violate the language instruction. DREAMSTEER in-
stead samples multiple candidate chunks, predicts their outcomes with a world model, ranks the
imagined rollouts, and executes the highest-scoring action chunk. The performance improvements
suggest that meaningful trajectories often exist in the policy distribution but are not reliably selected
during single-sample execution. Selecting among candidate trajectories is easier than generating the
correct trajectory in a single pass.

Complementary Generalization Across Components. Another way to understand DREAM-
STEER is that the policy, world model, and value model are trained under different data regimes
and therefore generalize differently. Generalization often depends on both the scale and diversity of
training data. A VLA policy is typically trained on successful robot demonstrations collected from
limited embodiments and environments. In contrast, a world model only needs to predict future ob-
servations and can leverage broader interaction data, including successful demonstrations, failures,
random play, and cross-embodiment trajectories. The value model can generalize more broadly still,
since image-based progress estimation can exploit large-scale visual-language pretraining together
with diverse action-free human data. DREAMSTEER exploits this complementarity at deployment
time: even when an object is out-of-distribution for the policy, it may remain in-distribution for the
world model and value model, allowing successful steering.



5.2 Limitations

Failure Mode Analysis. DREAMSTEER can fail for two reasons. First, steering is limited by can-
didate coverage: when neither the sampled policy actions nor the predefined primitives make mean-
ingful progress toward the instruction, the system cannot recover a successful behavior. Integrating
latent-space planning or trajectory optimization could help iteratively refine candidate actions using
world-model feedback. Second, steering relies on accurate trajectory ranking. We observe cases
where the value model assigns higher scores to suboptimal candidates, often because different ac-
tion outcomes appear visually similar from the single available camera view. In such cases, the
value model cannot reliably distinguish between candidate trajectories, leading to incorrect steering
decisions. Future work could improve ranking reliability through multi-view observations.

Latency. World-model rollout and value-model evaluation introduce additional inference over-
head. For horizon H=10, policy inference takes 0.08 s, world-model rollout takes 0.59s, and
value-model evaluation takes 0.37 s on an NVIDIA RTX 4090 GPU. The current implementation
prioritizes feasibility over efficiency. Both rollout and scoring could be accelerated further through
parallelized rollouts, KV caching, faster attention kernels, and other runtime enhancements.

6 Conclusion

We introduced DREAMSTEER, a deployment-time steering framework that improves pretrained
VLA policies using latent world-model rollout evaluation, without training or finetuning any
component on target-environment data. DREAMSTEER combines a pretrained VLA policy, an
action-conditioned latent world model, and a language-conditioned value model to rank candidate
action chunks before execution. Across real-robot evaluations, DREAMSTEER improves OOD ob-
ject manipulation success from 23.75% to 66.25% and instruction-following accuracy from 38.75%
to 56.25% over the base 7 policy. Future work could improve both sides of this decomposition:
richer candidate proposal mechanisms to increase action coverage, more efficient and robust world
model rollout, and multi-view value aggregation.
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Supplementary Materials

7 World Model Design and Training

The world model is an action-conditioned latent predictor optimized for efficient and robust rollout,
rather than for photorealistic video generation. It is trained on heterogeneous, multi-embodiment
data.

7.1 Input Modalities and Latent Encoding

The world model operates on a set of latent representations derived from multiple input modalities,
consisting of visual observations, robot state, and action. All inputs are aligned temporally and
encoded into a unified latent space before being processed by the spatio-temporal transformer.

Visual observations RGB observations are encoded independently at each timestep using a pre-
trained and frozen DINOvV2 encoder. Each image is mapped to a grid of latent patch embeddings,

T, € RHXWXDI,

where H x W denotes the spatial resolution of the latent grid and D, is the per-patch embedding
dimension. After projection, visual latents x; are denoted as z;. When an associated decoder is
available, it is used only for visualization of predicted futures and not for training.

Action and control signal inputs Robot actions and robot states are represented as per-timestep
control tokens. Robot actions are expressed as end-effector delta motions in Cartesian space. These
deltas are computed from observed state transitions rather than directly using low-level controller
commands, allowing the model to remain agnostic to embodiment-specific control interfaces. Con-
cretely, we treat each action/state component as a separate input key and encode it using a designated
tokenizer, implemented as a lightweight embodiment-specific MLP, into latent tokens,

ci = filar;) € RA*Pe,

where a; ; denotes the -th control component (action and, when available, state) at timestep ¢, and
fi is the corresponding component-specific tokenizer. A; denotes the number of tokens produced by
component 7. The per-component tokens are then concatenated along the token dimension to form
the control token sequence

K
Cct = [Ct,h . ~;Ct,K] € RAXD°7 A= ZAZ'?
i=1
with K components provided by the embodiment.

Temporal alignment and batching Visual and control tokens are aligned at the timestep level.
Given a sequence of length 7', the model receives visual latents

= RBXTXSXDI

and corresponding control tokens
ce RBXTXAXDC’

where S is the total number of visual tokens per timestep, aggregated across available views, and A
is the number of control tokens per timestep, which may vary across embodiments. These represen-
tations are inputs to the spatio-temporal transformer, which predicts future visual latents conditioned
on past observations and the provided action/state sequence.

Projection to model dimension Before entering the transformer, both visual and control embed-
dings are linearly projected to a shared model dimension D. This allows the subsequent attention
layers to operate in a unified embedding space while preserving the distinct structural roles of visual
grid tokens and control tokens.
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Figure 8: Spatio-temporal world model architecture.

7.2 Spatio-Temporal Transformer Architecture

Given the encoded visual and control tokens, the world model predicts future visual latents using
a stack of spatio-temporal transformer layers. The transformer operates on two token streams: a
grid of visual tokens and a set of per-timestep control tokens, and updates the visual stream through
action-conditioned cross-attention.

Spatio-temporal transformer layers The transformer consists of N repeated layers, each com-
posed of three sequential blocks, as shown in Fig. 8: (i) spatio-temporal self-attention over visual
tokens, (ii) temporal self-attention over control tokens, and (iii) spatio-temporal cross-attention from
visual tokens to control tokens. Spatio-temporal self-attention is factorized into spatial attention ap-
plied independently within each timestep and causal temporal attention applied across timesteps at
each spatial (or control) location. This factorization avoids full attention over all space-time tokens
and improves computational efficiency for long-horizon rollouts. Action conditioning is introduced
through cross-attention, where visual tokens act as queries and control tokens serve as keys and
values in a time-aligned manner, which is shown in Fig. 4.

7.3 Train with Multi-Embodiment Data

The world model is trained on data collected from multiple robot embodiments with heterogeneous
sensory configurations and control interfaces. Differences across embodiments are handled at the
input tokenization level, while all subsequent spatio-temporal dynamics parameters are fully shared.

Training datasets The world model is trained on a mixture of multi-embodiment manipulation
datasets spanning both robot and human demonstrations. Our training corpus includes: (i) the
DROID dataset collected on Franka platforms (76k trajectories, ~350 hours), (ii) Franka subsets
from RoboMIND, (iii) the EgoDex dataset consisting of human dexterous hand interactions, (iv) the
AgiBot dual-arm manipulation dataset, and (v) an in-house teleoperation dataset containing approx-
imately 1.2k trajectories collected on Franka arms equipped with dexterous hands.

In total, the combined dataset comprises on the order of 10° trajectories and several hundred hours
of interaction data. The data spans single-arm and dual-arm robots, parallel grippers and dexterous
hands, as well as human hand demonstrations, covering diverse viewpoints and control interfaces.
This heterogeneity enables the world model to learn embodiment-agnostic interaction dynamics
while remaining compatible with varied sensory and action configurations.

Multi-view visual observations FEach timestep may include up to four RGB observations, con-
sisting of two external views and two wrist-mounted views. Let

V={vi,...,vy}, [V|<4
denote the set of available viewpoints at a given timestep. Each view v € V is independently encoded
by a pretrained visual tokenizer into a grid of latent tokens. Since not all viewpoints are available
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for every timestep or embodiment, we employ token-level masking to handle missing observations,
shown in Fig. 9. For each view v, a binary mask

m{" € {0,1}

is expanded to all corresponding latent tokens and applied prior to the dynamics model. Masked
tokens are zeroed out and excluded from loss computation, enabling the model to operate on partially
observed multi-view inputs without introducing padded or hallucinated observations.

Shared dynamics across embodiments After tokenization and positional embedding, imple-
mented via rotary position embeddings (RoPE), both visual tokens x; and control tokens c§e) are
projected to a shared model dimension and processed by a spatio-temporal transformer. All trans-
former parameters are shared across embodiments; the only embodiment-specific components are
the input tokenizers for actions and states. As a result, the model learns a unified latent dynamics
representation while remaining compatible with heterogeneous sensory layouts and control inter-

faces.

7.4 Autoregressive Rollout and Training Objective

Problem formulation Let o;.7 denote a sequence of observations and a;.p the corresponding
action/state tokens. After modality-specific tokenization (Sec. 7.1), observations are represented as

latent tokens
z; € RSXD’

where S is the number of visual tokens (aggregated across views) and D is the shared model dimen-
sion. Actions and proprioceptive states are encoded as control tokens

Ct € ]RAXD.

The world model learns a dynamics function

fo: (Z14,€14) = Zigr,
implemented by the spatio-temporal transformer described in Sec. 7.2.
Sliding-window autoregressive rollout At both training and inference time, future observations
are predicted autoregressively. Given an initial context of length 7T, predictions are generated se-

quentially:
Zip1 = f&(zt—TC—H:tv Ct—Tc+1:t)7
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where only the most recent 7, steps are retained to bound memory and computation. Predicted
tokens are appended to the context and used to predict subsequent steps:

Zipk = f@(itJrkac:thkflv Ct+k7Tc:t+lc71)-

This sliding-window mechanism enables long-horizon rollout while maintaining fixed computa-
tional cost per step.

Teacher-forcing objective For one-step prediction, the model is trained using teacher forcing,
where ground-truth observations are provided as input context. The loss is computed as mean
squared error (MSE) in latent space:

T-1

1 N 2

Lisep = 77 > Nz — zegalls -
=1

When modality masks are present (e.g., missing views), the loss is computed only over valid tokens:

S | Zet,s — Zet,s 3

Z mi s ’

Ll—step =
where m; , € {0, 1} denotes token validity.

Open-loop sampling objective To improve long-horizon stability, we additionally train the model
using open-loop rollout. Starting from a short ground-truth context (typically one frame), the model
generates predictions autoregressively for a rollout horizon Hyjjou:

Z2:Hygou+1 = Rollouty (zh Cl:Hmnum) :

A final forward pass is then performed using the generated trajectory as context, and predictions are
supervised against ground truth:

1 Hioliout )
En—step = 7 Z HitJrl - zt+1||2 :
Hrollout =1

This objective encourages the model to remain stable under its own predictions and mitigates expo-
sure bias.

Combined training objective During training, we alternate between teacher-forcing and sam-
pling losses using a scheduled curriculum. At each optimization step, only one objective is active:

r— Li.sep, teacher-forcing step
| Losep, sampling step.

Both objectives are computed as mean squared error (MSE) in the latent space of the frozen visual
encoder:
L=E[|z—z|3].

No pixel-space reconstruction loss is used. Supervising predictions in latent space significantly
reduces computational cost while preserving task-relevant dynamics required for rollout evaluation.

Training details and hyperparameters We train the world model using distributed data-parallel
training on 384 NVIDIA H100 GPUs for approximately 2-3 days. Training follows the objectives
described in Sec. 7.4, with frozen visual tokenizers and jointly optimized action/state tokenizers. All
hyperparameters are listed in Table 4.

Inference At deployment time, the world model operates purely autoregressively. Given past

observations and candidate action sequences, future latent trajectories are rolled out and used for
downstream evaluation without access to ground-truth future observations.
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Hyperparameter Value
World Model Architecture

Model dimension D 1536
Transformer layers 8

Attention heads 24

Visual latent dim D, 1024
Action/state latent dim 16

Context and Rollout

Training context length 7., 16

Rollout horizon H;ojiout 4
Optimization

Optimizer AdamW
Learning rate 1x107*
Weight decay 1x1072
Gradient clipping 1.0

Batch size 384

LR schedule Cosine decay
Loss

Latent loss type MSE (L2)
Teacher forcing Yes
Sampling loss Yes

Loss scheduling Alternating curriculum

Table 4: Training hyperparameters for the spatio-temporal world model.

7.5 World Model Rollout Visualization

We provide qualitative visualizations of autoregressive world model rollouts across multiple em-
bodiments, viewpoints, and manipulation scenarios. In all visualizations, the model predicts future
visual latents autoregressively conditioned on past observations and the provided action sequence.
The rollout visualizations are shown in Fig. 10.

Unless otherwise specified, rollouts are initialized from a single ground-truth observation frame,
after which predictions are generated fully open-loop. We visualize decoded RGB observations
obtained from the frozen visual tokenizer decoder for interpretability. Ground-truth and predicted
frames are shown side-by-side for comparison.

Beyond low-level physical motion prediction, we examine whether the world model captures higher-
level regularities of object functionality and human-designed interactions. As shown in Fig. 11,
we consider imagined rollouts in which a robot interacts with a light switch. Conditioned on the
toggling action, the model predicts a corresponding change in the environmental state, such as the
light turning on or off. This behavior extends beyond immediate contact dynamics and reflects
learned associations between object affordances and their functional effects. Such results suggest
that the world model internalizes commonsense interaction patterns present in human environments,
enabling it to anticipate functional outcomes of actions in addition to physical motion.

8 Value Model and Trajectory Scoring

Model choice To evaluate predicted rollouts during deployment-time steering, we adopt an off-
the-shelf vision—language value model, Vision-Language-Action-Critic (VLAC), without any ad-
ditional finetuning. VLAC is pretrained to estimate task progress between pairs of observations
conditioned on a language instruction, producing a scalar progress score that reflects relative ad-
vancement toward task completion.

Rollout scoring formulation Given the current observation o; and a candidate action sequence
a1+ —1, the world model predicts a rollout of future observations

Ot41:4+H-
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Figure 10: World model rollout results.

For a candidate rollout, we compute pairwise progress estimates between consecutive observations:

St4+j = VLAC(5t+j—1, 6t+ja ltask) 5 0y = 0y,

where l;,51 denotes the language instruction.
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Figure 11: Functional interaction prediction. When the robot toggles the light switch in imagination, the
world model predicts corresponding changes in scene illumination.

Trajectory aggregation The trajectory-level score is obtained by summing progress estimates

along the rollout:
H

S = ZVLAC(étH_h O+, ltask) -

Jj=1

This score estimates how much the candidate action sequence advances the task specified by the
language instruction. During deployment-time steering, multiple candidate action sequences are
evaluated and ranked according to their trajectory scores, and the highest-scoring candidate is se-
lected for execution. The value model operates on a single left-view RGB observation.

9 Action Candidate Construction

The pretrained 7y policy outputs fixed-length action chunks in joint space with horizon 7" = 10:

Qt:t+T-1-
We convert these joint actions into end-effector Cartesian delta actions using forward kinematics
(FK):
Apy = FK(qu41) — FK(qu),
resulting in Cartesian action chunks of the same length 7" = 10.

In addition to policy-generated actions, we construct a set of hand-designed Cartesian action prim-
itives, including directional motions (up, down, forward, backward, left, right) and gripper com-
mands (open, close).

Each primitive defines a fixed Cartesian displacement (or gripper command), which is evenly dis-
tributed across the 7' = 10 steps to form a temporally aligned action chunk.

10 Hardware Setup and Evaluation Tasks

A visualization of the robot platform and camera configuration is shown in Fig. 12.

We evaluate real-world performance across two task families designed to assess generalization and
language grounding under deployment conditions:

* Out-of-distribution (OOD) manipulation. The robot is instructed to manipulate novel
objects not seen during training. Language instructions are:
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Figure 12: Robot platform.

“Pick up the {phone} and place it into the brown box.”

“Pick up the {mustard} and place it into the brown box.”

“Pick up the {whiteboard eraser} and place it into the black bowl.”
“Pick up the {blue tape} and place it into the black bowl.”

¢ Instruction following with distractors. The robot must identify the correct target object
in the presence of visually similar distractors. Instructions and distractors are:

— “Pick up the {sponge} and place it into the black bowl.”. The distractors are banana,

police car toy, and pencil case.

“Pick up the {banana} and place it into the black bowl.” The distractors are sponge,
police car toy, and pencil case.

“Pick up the {pencil case} and place it into the brown box.” The distractors are brush,
can, and apple.

“Pick up the {apple} and place it into the brown box.” The distractors are brush, can,
and pencil case.
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