DREAMSTEER: Latent World Models Can Steer
VLA Policies During Deployment

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

IFundamental AI Research (FAIR), Meta

2University of Minnesota Twin Cities

*Work done during an internship at Meta
fJoint last authors

Abstract—Pretrained generalist policies, such as
vision-language-action (VLA) models, promise impressive
zero-shot generalization in robot manipulation. However, their
real-world performance tapers quickly under distribution
shift, leading to decreased robustness and inconsistent
instruction following abilities. To address these challenges, we
propose DREAMSTEER, a deploy-time steering framework to
enhance pretrained VLAs without the need for finetuning on
demonstration data collected in the target distribution. The key
insight in DREAMSTEER is to leverage a latent world model and a
general-purpose value function to steer pretrained VLA policies.
During deployment, DREAMSTEER generates diverse action
candidates, sourced from the VLA policy and a set of predefined
motion primitives, and imagines the outcome of each of these
action sequences by rolling them out within the latent world
model. By evaluating these predicted trajectories with the value
model, DREAMSTEER identifies and executes the highest-scoring
action, resulting in better instruction following, and weeding out
task-irrelevant behaviors. Across four real-world manipulation
benchmarks of unseen objects, DreamSteer improves task
success rates by +42.5 percentage points (from 23.75% to
66.25%) and increases instruction following accuracy by +17.5
percentage points (from 38.75% to 56.25%) compared to the
base VLA. These results suggest that latent world models can
steer VLA policies during deployment, and present an effective
pathway to improve the reliability of generalist robot policies,
when finetuning may not be desired or feasible.

I. INTRODUCTION

Recent progress in large-scale multimodal pretraining has
resulted in generalist VLA policies [5, 4, 13, 28, 17] that inte-
grate perception, language understanding, and control within a
unified framework. Trained on diverse robotic datasets, these
models promise strong zero-shot generalization, transfer to
novel environments and tasks without additional fine-tuning.
Despite their impressive visuomotor abilities, pretrained VLA
policies exhibit two critical limitations under distribution shift:
(a) they often fail to generalize robustly to objects unseen
(or underrepresented) during training, (b) they struggle to
reliably follow high-level language instructions, frequently
violating task-specific constraints or semantic intent. A canon-
ical solution to these problems is to fine-tune these models
on task-specific data, which can improve performance on
target tasks, objects, and environments. However, finetuning
is not always desirable, or even feasible. It often causes the
model to overfit to aspects of the finetuning distribution,

and needs carefully curated mitigation recipes. This raises
a central question: how can we improve performance on
unseen objects and instruction-following accuracy without
sacrificing generalization?

Test-time steering has proven effective in large language
models [ 1, 18], where multiple candidate outputs are sampled
and ranked at inference time to improve reliability without re-
training. Pretrained VLA policies exhibit similar stochasticity,
producing diverse action chunks for the same observation and
instruction. However, unlike language generation, the quality
of an action proposal cannot be evaluated without execution.

World models [1, 2, 27] offer a principled way to bridge this
gap by enabling the prediction of action outcomes through
imagination rather than execution. By learning the visual
dynamics of the environment, world models allow a robot to
simulate the future visual state of candidate action sequences
conditioned on the current observation. This enables test-time
look-ahead reasoning, where candidate actions can be pre-
evaluated based on their imagined outcomes using an external,
task-dependent scoring or value function before physical exe-
cution. Unlike task-specific policies trained only on successful
demonstrations, world models can be potentially learned from
diverse data that includes both successful, failed trajectories,
random play trajectories, and even cross-embodiment data
sources, leading to more faithful representations of environ-
ment dynamics. Moreover, world models are inherently task-
agnostic and reusable across different goals, instructions, and
object configurations. As a result, they naturally complement
pretrained VLA policies by supporting test-time action evalu-
ation and selection.

In this paper, we present DreamSteer, a test-time frame-
work that leverages world models to steer pretrained generalist
policies without additional policy training, shown in Fig. 3.
Given a language instruction, a pretrained VLA policy first
generates multiple candidate action chunks [26]. All candidate
sequences, along with a set of predefined action primitives, are
then rolled out within a learned world model to predict future
observations corresponding to its potential execution. To evalu-
ate these imagined trajectories, we employ a vision—language-
model (VLM) [19, 9] as a language-conditioned value func-
tion, which scores each rollout based on its alignment with
the instruction. The action chunk corresponding to the highest
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embodiments, including single-arm manipulators, bimanual robots, dexterous hands, and human video data. RGB observations are encoded
into a shared latent space using a frozen visual encoder, while proprioception and actions from different embodiments are mapped via learned
encoders. To provide temporal context, we append context tokens that summarize recent interaction history to the latent representations.

scoring visual rollout is selected and executed in the real
environment. By combining the stochastic diversity of pre-
trained VLA policies with the predictive capabilities of world
models, DreamSteer improves test-time decision-making while
preserving the generalization strengths of large-scale pretrain-
ing.

Our contributions are summarized as follows:

1) We propose DreamSteer, a general-purpose test-time
steering framework that integrates a pretrained VLA
policy, a task-agnostic world model, and a language-
conditioned value function, enabling reliable evaluation
and selection of action proposals via imagined rollouts.

2) We introduce a cross-embodiment latent world model ca-
pable of predicting consistent future states across diverse
robotic platforms.

3) We demonstrate that DreamSteer improves generaliza-
tion to unseen objects, increasing the success rate from
23.75% to 66.25%, and boosts instruction-following ac-
curacy by 17.5% compared to the base VLA, while pre-
serving the broad generalization capabilities of pretrained
generalist policies.

II. RELATED WORK

Vision-Language—-Action Models Large-scale multimodal
pretraining has enabled VLA models to emerge as gener-
alist policies for robotic manipulation. Trained on extensive
datasets such as DROID [12], which provide diverse demon-
strations across tasks and scenes under a consistent embod-
iment, recent models including o [5] and GROOT [4] have
demonstrated strong zero-shot transfer to novel environments.
By integrating visual perception, language conditioning, and
action generation within a unified generative framework, these

models can produce a wide range of manipulation behaviors
without task-specific fine-tuning.

Despite this progress, pretrained VLA models exhibit no-
table limitations in practice. Their performance often degrades
when encountering out-of-distribution objects that differ in
appearance, geometry, or material properties from the training
data, indicating limited robustness to object-level distribution
shifts. In addition, although VLAs generate smooth and plau-
sible behaviors, they frequently fail to reliably align action
selection with high-level language instructions, especially in
cluttered scenes or under competing visual cues. While fine-
tuning on task-specific data can partially mitigate these issues,
it typically narrows the policy’s generalization by biasing it
toward specific objects or tasks. Addressing these limitations
without compromising the generality of pretrained VLA mod-
els remains an open research problem.

Robotic World Models World models [1, 2, 27] aim to
capture environment dynamics by predicting future states,
enabling agents to reason about the consequences of actions
before execution. Recent advances in large-scale video gener-
ation models [14, 20] have shown that predictive models can
generalize across diverse domains, providing strong priors for
robotic decision-making. In robotics, existing world models
can be broadly categorized into three paradigms. Video world
models, such as Cosmos [!] and DreamGen [10], predict
visually realistic future frames but offer limited controllability,
as language conditioning is often coarse. Action-conditioned
world models, exemplified by DINO-WM [27], predict future
states conditioned on robot actions, providing more accu-
rate and controllable predictions of action outcomes, though
their visual fidelity may be limited. A third line of work
explores latent action world models, such as LAPA [24], which
represent actions in a latent space and enable training on
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Fig. 2: Spatio-temporal cross attention. Each cube represents a D-
dimensional vector. Spatial cross-attention (left) performs full cross-
attention between the query and the key and values at each timestep
independently. Temporal cross-attention (middle) performs causal
cross-attention on a per-patch level independently (right).
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broader datasets, but face challenges in transferring across
embodiments. In this work, we focus on action-conditioned
world models, as they most directly capture the consequences
of candidate actions, making them well suited for evaluating
action proposals during test-time steering.

Policy Steering Pretrained VLA models are generative
policies that produce actions stochastically, either through
autoregressive sampling or diffusion-based denoising. This
stochasticity enables multiple candidate action sequences to
be generated for the same instruction, creating an opportunity
for policy steering, where an external evaluator selects the
most appropriate behavior at test time. V-GPS [15] improves
generalist robotic policies by re-ranking sampled actions using
a language-conditioned value function trained via offline rein-
forcement learning. While effective, V-GPS evaluates individ-
ual actions rather than temporally extended action chunks, and
lacks an explicit model of future state evolution for reasoning
over long-horizon consequences. FOREWARN [22] addresses
this limitation by incorporating a world model and using a
task-specifically fine-tuned VLM to narrate and reason about
predicted rollouts. However, this approach relies on language-
based narration to detect failures, introducing potential brittle-
ness when reasoning about unseen behaviors.

In contrast, our approach explicitly predicts long-horizon
future states, and decouples an action-conditioned world model
from a value function to evaluate imagined outcomes of
candidate action chunks. By directly scoring predicted rollouts
for instruction alignment, our method enables generalized
and long-horizon test-time steering without task-specific fine-
tuning.

III. METHODOLOGY
A. Problem Statement

We consider a partially observed decision-making setting
in which an agent interacts with an environment under a
natural language instruction |. During the interaction, at each
timestep t, the agent receives an observation 0y 2 O and
generates an action from the action space A, leading to
a new observation under unknown environment dynamics.

Unlike standard reinforcement learning, explicit reward signals
are unavailable; instead, the goal is to select actions whose
resulting outcomes best satisfy the given instruction |. We
assume access to a pretrained VLA policy  (@ct+1 j 0t 1)
that stochastically generates temporally extended action se-
quences a¢-t+T - Given a candidate action sequence, an action-
conditioned world model W predicts the corresponding fu-
ture observation rollout O¢.¢+1. A trajectory-level, language-
conditioned value function V (0¢; 6¢+1:t+1; 1) is then used to
score imagined trajectories, enabling test-time evaluation and
selection of action proposals without policy retraining.

B. Overview

We first describe how our latent world model is trained with
heterogeneous data. We then introduce DreamSteer, a test-
time steering framework that uses the action-conditioned world
model, together with a VLM-based value model, to evaluate
and select action chunks. By combining the world model’s
rollouts with a language-conditioned value model evaluation,
DreamSteer enables informed action selection at test time
without retraining the policy.

C. World Model Training

Our world model design, shown in Fig. 1, follows three
principles aimed at enabling efficient and scalable test-time
steering. More design and training details are included in the
supplementary materials.

Spatio-Temporal Factorization. To support long-horizon
prediction under tight latency constraints, we adopt a fac-
torized spatio-temporal transformer [23]. A spatio-temporal
transformer consists of a series of N spatio-temporal blocks
that process latent visual and action representations. Each
block applies spatio-temporal self-attention to image tokens,
temporal self-attention to action tokens, and spatio-temporal
cross-attention to integrate action information into visual rep-
resentations. As illustrated in Fig. 2, spatio-temporal attention
is factorized into independent spatial attention at each timestep
and causal temporal attention applied per patch. By decoupling
spatial attention within frames from causal temporal attention
across patches, the model reduces computational complexity
from quadratic to linear in the prediction horizon T, enabling
rapid evaluation of multiple candidate actions during steering.

Latent-Space Dynamics. Rather than predicting pixel-level
video, W operates entirely in the latent space of a frozen
visual encoder. This choice is motivated by classical control
principles, which model system dynamics in a state space
rather than raw observations. Pixels are high-dimensional,
view-dependent, and lack explicit physical structure, whereas
latent representations can encode essential properties of the
3D world, such as object identity, geometry, pose and in-
teraction affordances. Additionally, latent dynamics are more
computationally efficient than pixel-level video prediction, al-
lowing fast autoregressive rollout, avoiding the computational
overhead of iterative denoising and making repeated test-time
rollout practical.



Fig. 3: DreamSteer: test-time policy steeringGiven a language instruction and current observation, a pretrained generalist policy generates
multiple candidate action sequences, which are augmented with a small set of prede ned action primitives. An action-conditioned world
model predicts the outcomes of each candidate through imagined rollouts, which are evaluated by a language-conditioned value model. The
highest-scoring action is then selected and executed in the real environment.

Multi-Embodiment Training. Learning robust object in- test-time steering procedure.
teraction dynamics requires diverse data. By training on data a) Policy: Stochastic Action Proposalsthe policy
collected from multiple embodiments, the world model ifs instantiated as a pretrained VLA model that conditions on
exposed to a wide range of object behaviors, contact pattenmsjltimodal observationsl (denoting visual observations and
and interaction modes. This enables the model to focus ®mlenoting proprioception) and a language instruction
learning transferable object-centric interaction dynamics rather o = frist: | ext S{obot. Sgripperg:
than embodiment-speci ¢ motion patterns. Each embodiment vty o
is equipped with its own action encoder that maps raw contfepnditioned ono, the policy — samplesKy,a temporally
signals into a shared latent action space, while all oth@xtended action sequences of horiZbn
components of the world model are shared. When training agkt)” (jo:l); k=1:::Kva

on datasets with missing modalities, unavailable inputs are

masked. This design isolates embodiment-speci ¢ details pgoducing diverse candidate behaviors via diffusion or autore-
the action encoders while allowing the core model to foc@®€ssive sampling. In addition to policy-generated action pro-

on learning transferable interaction dynamics. posals, we augment the candidate set Vilthim prede ned
action primitives fromAim . The primitive action library
D. DreamSteer consists of a small set of xed, short-horizon Cartesian mo-

DreamSteer, shown in Fig. 3, is a test-time decisionlions, including end-effector translations along the left/right,
making framework that improves action selection by evattP/down, and forward/backward directions, as well as gripper
uating multiple action proposals before execution. At ea@Pen and close actions. Each primitive is a constant Cartesian-

timestept, given the current observation and a language SPace action applied for exactlyy steps, ensuring that all
instruction |, a mixed candidate seA; = Ayia [A pim primitive candidates are temporally aligned with VLA action

of action chunks drawn from two sources: M a samples chun!<s. Action primitives serve as a compleme.ntary source of
from the pretrained VLA policy and (ii) A pim represents cand|_dates V\_/hen the pretr_aln_ed VLA pc_Jllcy fails to generate
a primitive action library. Each candidate is rolled out in &fféctive actions under distribution shift. These primitives

learned world model to predict its future visual states, arRfovide simple, physically grounded motions that increase
a language-conditioned value function scores the predicté§ coverage of feasible behaviors, allowing DreamSteer to

visual trajectories. The action sequence corresponding to f§§0Ver instruction-aligned actions even when policy samples

highest-scoring visual trajectory is then executed in the re2lPne are insuf cient. . _
environment. Formally, b) World Model: Predictive Visual Dynamic§:he world

model W  predicts future observations conditioned on the
current observation and a candidate action sequence, operating
al.,r=arg max V o ;W (o;au+7);l ; (1) in alatent representation space encoded by a frozen DINOv2
e 2R [16] visual encoder.
where is the pretrained VLA policyW the world model,
andV the value function. Algorithm 1 summarizes the full 055)1: T = W (ot;at(!‘tLT :



Algorithm 1: Test-Time Steering with World Models
Input: Pretrained VLA policy , world modelW
value functionV .
Input: Per-step observation
o = f|twrist : |text; S{obot ; s?ripper 0.
Input: Language instructiom.
Input: VLA proposal countKy 4 , primitive set
Apiim With Kpiim = jA prim J, horizonT.
Output: Executed action sequeneg,, ;.
while task not terminatedio
/ = Candidate action set
construction * [
Proposal generation:
fork 1to Ky do

k P
L aE:t)-f-T (jol)
Ava fal gins
At A via [A prim;
K JA s
/ = Action-conditioned predictive

Fig. 4: World model rollouts across multiple embodiments.For
clarity, we only visualize a single camera view.

rollout *1 scores along the rollout provides an approximate trajectory-
Predictive rollout: for k ~ 1to K do level progress estimate. DreamSteer then selects and executes
L OEE:)L:HT w Ot;at(!(t)JrT the action sequenmﬁﬁhT that maximizes this score, effec-
/ = Trajectory-level evaluation tively steering the VLA policy toward semantically aligned
under instruction I x/ behaviors.
Evaluation: for k 1to K do

K) IV. EXPERIMENTS

sk v o) o
L N e T A. Real Robot Setup
Selection:k?  arg maXcss 1.k g S™;

N K?) . Our real-world experiments follow the DROID setup. We
A+ T . BT 5 employ a 7-DoF Franka Panda manipulator equipped with a
Execution: Executeay,, r on the robot; Robotiq two- nger gripper. Compared to the original DROID
| observeo.r;t t+T; con guration, we make two minor modi cations: the external
third-person cameras are replaced with Intel RealSense L515

cameras, and the robot arm is mounted in a static con gura-

It is implemented as a latent dynamics model consisting of gﬁn.

encoder, a dynamics module, and a decoder: B. Evaluating the World Model
z; = Encode(o,); Before evaluating DreamSteer as a complete system, we rst
k _ : .k . assess the learned world model in isolation. Our evaluation is
2t(+i: t+T = Dynamlcszt,af:t)” ; (2)

designed to address the following key questions:
Accuracy & Generalization: Does the world model

Operating in latent space enables structured and efcient accurately re ect real-world dynamics across multiple
prediction of long-horizon dynamics, while explicit condition- ~ €mbodiments and generalize to unseen scenes and ob-
ing on actions ensures physically consistent rollouts suitable Jects?

k k .
0§+)1:t+T = Decoder2§+i:t+T :

for evaluating candidate behaviors. Evaluation Consistency and Long-Horizon Reliability:
c) Value Function Scoring and Action Selectiofthe Are imagined rollouts evaluated by the value model
value functionV is instantiated as a pretrained Vision-  consistent with real video, and do they remain stable over

Language-Action-Critic (VLAC) model [25] based on the  long horizons?
InternVL2-2B [7] architecture, which is trained on over 4,000 1) Cross-Embodiment Generalization and Physical Con-
hours of diverse human and robotic data. To evaluate an imagstency: We evaluate whether a single world model can
ined rollout &1 ¢+ 1, We leverage VLAC's pairwise scoring generalize across embodiments, scenes, and object distribu-
ga}:r)ability to compute a cumulative trajectory sc@&) = tions. Trained on heterogeneous data spanning multiple robot
j=1 VLAC(Gi+j 1:6:+j;1), representing the total estimatecplatforms and human demonstrations, the model is evaluated
advancement toward the gdaWe interpret VLAC's pairwise on unseen real-world trajectories without embodiment-speci ¢
score as an instruction-conditioned progress signal; summing-tuning. As shown in Fig. 4, the predicted rollouts remain



. . . ) ) . Fig. 6: Real world tasks of OOD objects and scenes.
Fig. 5: Evaluative consistency of imagined rollouts in the world

model. (a) Value model scores for ground-truth video segments and

corresponding imagined rollouts. (b) Latent prediction error versus o . ) )
rollout length; shaded area denoteg standard deviation. where the robot is instructed to pick up a speci ed object and

place it into a designated receptacle. OOD objects are selected
based on preliminary evaluations where the base pretrained
temporally coherent and physically consistent across embod-A policy achieves consistently low success rates, often
iments and unseen object con gurations. In particular, tHailing to achieve stable grasps due to differences in object
model preserves object identity and relative motion acrogsometry, material properties, or surface appearance. These
time, capturing object-centric interaction dynamics that geneibjects therefore represent realistic object-level distribution
alize across embodiments and unseen object con guratiosbjfts that are challenging for the policy but remain physically
indicating that it captures shared object-centric interactidaasible for the robot.
dynamics rather than embodiment-speci ¢ motion patterns orWe rst test whether DreamSteer improves performance on
spurious visual correlations. object-level distribution shifts. We construct OOD evaluation
2) Evaluation ConsistencyTo assess whether imaginedsuites where the task structure remains the same but the
rollouts are suitable for value-based evaluation, we compdegget objects differ from training in instance, appearance,
value model scores for short ground-truth video clips argeometry, or material properties. We report task success
their corresponding imagined rollouts under the same languagée as the primary metric. We compare DreamSteer with
instructions. As shown in Fig. 5 (a), the scores exhibit a&ction primitives against several baselines, including (i) the
clear correlation, indicating that latent rollouts preserve taskase VLA policy with single-sample execution, (ii) a VLA-
relevant semantic information. Each clip spans 10 framex)ly DreamSteer variant that applies value-based selection
matching the per step rollout horizon used in DreamSteer. Tger K action candidates sampled from the policy, (iii) a
examine how the rollout quality degrades over longer horizor@;jmitive-only steering baseline (prim+DreamSteer), and (iv) a
we analyze latent prediction error with rollout length. With #andom-selection baseline that selects among combined VLA
context length of one frame, the latent MSE increases gradund primitive candidates (VLA+prim+random). This set of
ally and approximately linearly, shown in Fig. 5 (b), suggestingomparisons isolates the respective contributions of value-
stable behavior over extended rollouts. All evaluation data dp@sed selection and incorporating multiple action sources.
randomly sampled from the unseen RoboArena dataset [3]Here, o denotes the pretrained VLA policy. “prim” denotes
) the inclusion of prede ned action primitives in the candidate
C. Evaluating DreamSteer set, while “random” selects a candidate uniformly at random
We evaluate DreamSteer as a complete system with two p&iithout value-based ranking.
mary goals(1) improving robustness to out-of-distribution
(OOD) objects and (2) improving instruction-following TABLE I: Out-of-distribution objects performance
(IF) accuracy under language-speci ed constraints The _
OOD objects and the scenes to evaluate IF accuracy ar8'®

Phone Mustard Tape Eraser Average

shown in Fig. 6. Across all experiments, DreamSteer steer9gt=ég+D < 4/72/20 3/62/20 6421(/)20 61%(/’20 234-1725;/3/
. . . . o(k= reamSteer 5%

a xed pretrained o policy at test time by sampling o(k=5+prim)+random 020 0/20 020 0/20 0%

action chunks and action primitives, rolling them out in theprim+DreamSteer 0/20 0/20  0/20 0/20 0%

action-conditioned world model, and selecting the highest-|(5.prim)+Dreamsteer 12/20 1120  16/20 14120  66.25%

scoring action proposal according to a language-conditioned

value function. We use ag checkpoint pretrained on the

DROID dataset as the base policy. Each task is evaluatedrhe failure mode of the primitive-only baseline further

over 20 trials with randomized object positions and posdsighlight the complementary role of action primitives in

The policy produces action chunks of horizdi=10. For DreamSteer. The prede ned primitives consist of simple,

ef ciency, steering is applied once every ve control steps icoarse Cartesian motions and lack the expressiveness required

our experiments. to accomplish ne-grained manipulation tasks on their own,
1) OOD Object GeneralizationAll OOD evaluations are resulting in 0 success when used without policy-generated

conducted on a standard pick-and-place manipulation tasktions. In contrast, the pretrained VLA policy can produce




rich, precise motion sequences necessary for task completiwained VLA policy frequently produces erratic or oscillatory
but often fails to generate effective grasping actions on OQmotions, resulting in large corrective movements and unstable
objects, leading to behaviors where the end-effector becontegectories during manipulation. By evaluating and Itering
stuck above the target object. In such cases, action primitieandidate actions through imagined rollouts, DreamSteer ef-
provide a useful mechanism to escape these failure statesfdstively suppresses such undesirable behaviors and selects
introducing structured exploratory motions. However, selectirggnoother, more consistent action sequences.
among VLA and primitive actions at random disrupts coherent As a result, DreamSteer also reduces the number of exe-
task execution and frequently steers the policy away frooution steps required to complete a task, requiring roughly
promising trajectories, underscoring the importance of valubkalf the number of control steps compared to the base VLA
based ranking in DreamSteer. policy on OOD objects. This improvement arises because
We analyze the effect of the proposal couit on both poorly chosen actions often require multiple corrective actions
performance and ef ciency of DreamSteer using a whiteboatd recover, or lead to irreversible failure states. In contrast,
eraser picking task. We vary the number of VLA-generatddreamSteer proactively avoids these failure-inducing actions
action proposals while keeping all other components xed. Wt test time, leading to more stable execution and fewer steps
nd that increasingKk from 3 to 5 consistently improves tasktask completion.
success, indicating that a moderate level of proposal diversity _ . )
helps mitigate failures caused by insuf cient action coveragg.' Failure Analysis
However, further increasing to 7 does not yield additional Despite the overall performance gains reported in Sec-
gains, while incurring higher inference cost due to additiontiPn IV-C, DreamSteer exhibits several failure modes that
world model rollouts and value evaluations. Based on thi€ ect the limitations of its predictive and evaluative com-
trade-off, we seK =5 in all experiments. ponents, rather than the test-time steering formulation itself.
2) Instruction Following Accuracy: We next evaluate a) World Model Hallucination: In some cases, the
whether DreamSteer improves instruction-following perfo@ction-conditioned world model predicts successful object
mance in scenarios where success depends on satisf@ngsping in imagined rollouts even when the object cannot
explicit language constraints rather than producing plausie grasped in the real world (“magic grasp”). We attribute
ble manipulation motions. We consider instruction-followinghis behavior to training bias toward successful manipulation
tasks that require target disambiguation in multi-object scen#igjectories, which can lead the model to overestimate grasp
where the robot must correctly identify and act on the objetgasibility under uncertainty. When the candidate actions yield
speci ed by the instruction in the presence of visually simithis over-optimistic rollouts, the value model may fail to
lar distractors. We report instruction-following (IF) accuracyieject physically infeasible actions. A practical mitigation is to
which measures whether the executed behavior aligns with #xpand world-model training beyond success-biased demon-
language-speci ed target. A trial is considered successful sfrations by incorporating failure trajectories and random-
the robot makes consistent contact with, or attempts to grapfaly interaction data. These data expose the model to non-
the object speci ed by the instruction, regardless of whethgraspable contacts, slips, and unsuccessful attempts, reducing
a stable grasp is ultimately achieved. This metric isolatéfse success bias that leads to unrealistically optimistic rollouts.
semantic correctness from execution dif culty and allows us tQualitative examples of these failure cases are provided in the
evaluate how effectively test-time steering improves adherergi¢pplementary material.
to language constraints. We compare DreamSteer with both b) Value Model Misranking: A second failure mode
VLA and prede ned action sources against the underlyingrises from imperfect trajectory ranking by the value model.

pretrained VLA policy. While generally effective, the value prediction exhibits sensi-
) _ tivity to viewpoint and visual presentation. The value model
TABLE II: Instruction following performance operates on observations from a single xed camera view,

which can make certain action outcomes visually ambiguous

Polic Sponge Banana Pencil case Apple Average . . ; .

Y pong PP S or partially occluded. As a result, the highest-scoring trajectory
ok=1) 8/20 9120 6/20 820 3875%  goes not always correspond to the most effective real-world
o(k=5+prim) oy 13790 9/20 020 56.25%  €xecution. A potential improvement is to provide the value

+DreamSteer model with observations from multiple viewpoints and aggre-

gate the resulting scores, for example by averaging, to reduce
These results show that DreamSteer improves instructi®@nsitivity to viewpoint-speci ¢ ambiguities.
adherence k_)y Itgring action pro_po_sals whose pr_edicted_ out- V. DISCUSSION ANDL IMITATIONS
comes conict with the semantic intent of the instruction,
particularly in scenes with visually similar distractors, wher Why DreamSteer Works
the base policy is prone to semantic ambiguity. The empirical gains observed in our experiments can be
3) Behavior Stability and Execution EfciencyBeyond directly attributed to the complementary generalization prop-
task success, we observe that DreamSteer improves the stéies and decision structure introduced by DreamSteer. Across
bility and ef ciency of the executed behaviors. The base pr&oth OOD object evaluations and instruction-following tasks,




discuss two inherent limitations of the current framework.

1) Action Candidate CoverageDreamSteer selects actions
from a nite candidate set composed of stochastic policy
samples and prede ned action primitives, but it does not
expand the underlying action space of the pretrained policy.
When neither source produces a trajectory that meaningfully
progresses toward satisfying the instruction, steering cannot
recover a successful behavior. This limitation underscores

Fig. 7: Training data and generalization among policy, world that DreamSteer improves actiselectionrather than action
model, and score model. generation and its effectiveness depends on the diversity and
expressiveness of the candidate set.

2) Latency: Policy inference is fast, while world model

DreamSteer consistently outperforms the base VLA policsellouts and value model evaluation introduce additional but
particularly in regimes where the policy alone exhibits brittlenoderate computational overhead. For an action chunk of
behavior. In general, the generalization ability of learnetbrizonT=10, averaged over 10 runs, policy inference takes
models is closely tied to the diversity and scale of their training08 s, world model rollout takes 0.59s, and value model
data. This pattern aligns with the fact that pretrained VLAvaluation takes 0.37s. Policy and value model inference are
policies are trained on success-only trajectories collected ungetformed on an NVIDIA RTX 4090 GPU, while the world

a single embodiment, which limits their exposure to diversaodel runs on an NVIDIA A6000 GPU. We note that the
object instances, failure modes, and interaction variations. darrent implementation prioritizes clarity and modularity over
contrast, the world model is trained on heterogeneous, aaggressive optimization, and both the world model and value
cross-embodiment data, while the scoring model bene ts fromodel admit substantial opportunities for further optimization,
larger internet-scale action-free video data. As a result, magych as more ef cient rollout implementations or latent-space
evaluation scenarios that are out-of-distribution for the policytajectory scoring.

but remain within the distribution of the world model and

the scoring function, enabling DreamSteer to recover effective VI. CONCLUSION

behaviors through test-time selection, as illustrated in Fig. 7. In this paper, we introduceBreamSteer, a test-time steer-

An important observation underlying DreamSteer is thag framework that enhances the robustness of OOD objects
the pretrained VLA policy succeeds at a task at least on@nd instruction-following ability of pretrained VLA policies
indicating that effective action trajectories already exist withiwithout additional policy training. By combining stochas-
its action distribution. However, due to the stochastic natutie action generation with action-conditioned world models
of action generation, these successful trajectories may notdrel language-conditioned evaluation, DreamSteer enables in-
reliably sampled during deployment. DreamSteer addressemsmed action selection through imagined rollouts, without
this gap by explicitly sampling and evaluating multiple actiomodifying or retraining the underlying policy. Extensive exper-
candidates, enabling the system to recover high-quality actidngents demonstrate that this approach improves generalization
that are already supported by the policy but would otherwise unseen objects and adherence to language-speci ed goals,
be missed. while preserving the broad capabilities acquired through large-

Finally, the improvements in both OOD objects andcale pretraining.
instruction-following accuracy further illustrate the bene ts of Beyond empirical gains, DreamSteer exempli es a general
reformulating action generation as a discrimination problerparadigm for improving decision-making in generalist robotic
In multi-object scenes with distractors, the base policy oftesystems by decoupling action generation and action evaluation.
produces plausible but semantically incorrect behaviors, sueketrained VLA policies provide broad visuomotor compe-
as manipulating the wrong object. DreamSteer mitigates thence by generating diverse candidate actions, while world
failure mode by sampling multiple candidate action sequenae®dels enable explicit reasoning about the consequences of
and selecting those whose predicted outcomes best align vitibse actions at test time. This separation allows an external
the language instruction. Our results show that even whewmaluator to select actions that better align with task instruc-
the policy fails to consistently generate the correct actiotipns, compensating for the limitations of pretrained policies
stochastic action primitives sampling frequently produces cawithout additional training.
didates that partially satisfy the instruction. Discriminating One direction for future work is to further tighten the
among these candidates using imagined rollouts is easier tihategration between world models and action evaluation, for
requiring the policy to generate a perfectly aligned acticgxample by learning scoring functions directly in latent space.
sequence in one pass. Such approaches could enable faster trajectory evaluation and
make test-time steering more practical for real-time robotic
control. Another promising direction is to enrich the candidate

While DreamSteer improves action selection at test time,dttion set by incorporating diverse action sources to improve
does not address all aspects of robotic decision-making. \Aftion coverage.

B. Limitations
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SUPPLEMENTARY MATERIALS
VIl. WORLD MODEL DESIGN AND TRAINING

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

A. 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 aligneghere S is the total number of visual tokens per timestep,

temporally and encoded into a uni ed latent space before beiaggregated across available views, akds the number of

processed by the spatio-temporal transformer. control tokens per timestep, which may vary across embodi-
a) Visual observationsRGB observations are encodednents. These representations are inputs to the spatio-temporal

independently at each timestep using a pretrained and frozeemsformer, which predicts future visual latents conditioned

DINOv2 encoder. Each image is mapped to a grid of lateoh past observations and the provided action/state sequence.

patch embeddings, d) Projection to model dimensionBefore entering the

transformer, both visual and control embeddings are linearly

projected to a shared model dimensibn This allows the

whereH W denotes the spatial resolution of the laterfubsequent attention layers to operate in a uni ed embedding
grid and Dy is the per-patch embedding dimension. AftepPace while preserving the distinct structural roles of visual
projection, visual latent; are denoted ag;. When an 9rid tokens and control tokens.
associated decoder is available, it is used only for visualizati%n
of predicted futures and not for training. ’
b) Action and control signal inputsRobot actions and Given the encoded visual and control tokens, the world
robot states are represented as per-timestep control tokéRgdel predicts future visual latents using a stack of spatio-
Robot actions are expressed as end-effector delta motiond&fporal transformer layers. The transformer operates on two
Cartesian space. These deltas are computed from obser@gn streams: a grid of visual tokens and a set of per-timestep
state transitions rather than directly using low-level corfontrol tokens, and updates the visual stream through action-
troller commands, allowing the model to remain agnostic @°nditioned cross-attention.
embodiment-speci ¢ control interfaces. Concretely, we treat @) Spatio-temporal transformer layersthe transformer
each action/state component as a separate input key &A@sists ofN repeated layers, each composed of three se-
encode it using a designated tokenizer, implemented agligential blocks, as shown in Fig. 8: (i) spatio-temporal self-

lightweight embodiment-speci ¢ MLP, into latent tokens, ~ attention over visual tokens, (ii) spatio-temporal self-attention
over control tokens, and (iii) spatio-temporal cross-attention

ci = fi(ag) 2 RY P from visual tokens to control tokens. Spatio-temporal self-
attention is factorized into spatial attention applied indepen-

where a;; denotes the-th control component (action and’dentl within each timestep and causal temporal attention
when available, state) at timeste@mndf; is the corresponding Y : P ; P :
applied across timesteps at each spatial (or control) location.

mponent- i kenizeh; den he number of tokens_"} e . X )
component-speci ¢ tokenizeA; denotes the number of toke SThls factorization avoids full attention over all space-time

produced by component The per-component tokens are thery ens and improves computational ef ciency for long-horizon
concatenated along the token dimension to form the contF8‘< np -omputation: y 9
louts. Action conditioning is introduced through cross-

ro
token sequence . . :
q attention, where visual tokens act as queries and control tokens

A D X serve as keys and values in a time-aligned manner, which is
G = Gl 2RT Ter A= Aj shown in Fig. 2.
i=1

Fig. 8: Spatio-temporal world model architecture.

x; 2 R W Dx.

Spatio-Temporal Transformer Architecture

with K components provided by the embodiment. C. Train with Multi-Embodiment Data
c) Temporal alignment and batching/isual and control ~ The world model is trained on data collected from multiple
tokens are aligned at the timestep level. Given a sequenceg@jot embodiments with heterogeneous sensory con gurations

length T, the model receives visual latents and control interfaces. Differences across embodiments are
BT s oD handled at the input tokenization level, while all subsequent
x2R g spatio-temporal dynamics parameters are fully shared.

a) Training datasets:The world model is trained on a
mixture of multi-embodiment manipulation datasets spanning
c2RE T A De: both robot and human demonstrations. Our training corpus

and corresponding control tokens



latent dynamics representation while remaining compatible
with heterogeneous sensory layouts and control interfaces.

D. Autoregressive Rollout and Training Objective

a) Problem formulation:Let 0;.1 denote a sequence of
observations an@j.t the corresponding action/state tokens.
After modality-speci c tokenization (Sec. VII-A), observa-
tions are represented as latent tokens

zz2 RS P

Fig. 9: Mask strategy in multi-view data. where S is the number of visual tokens (aggregated across
views) andD is the shared model dimension. Actions and
proprioceptive states are encoded as control tokens

includes: (i) the DROID dataset collected on Franka plat-
forms (76k trajectories, 350 hours), (ii) Franka subsets from
RoboMIND, (iii) the EgoDex dataset consisting of human The world model learns a dynamics function
dexterous hand interactions, (iv) the AgiBot dual-arm ma-
nipulation dataset, and (v) an in-house teleoperation dataset f o (zescw) Vo 2t
containing approximately 1.2k trajectories collected on Franka . . .
arms equipped with dexterous hands. implemented by the spatio-temporal transformer described in
In total, the combined dataset comprises on the ord@odf Sec. V”'E?' _ _ . .
trajectories and several hundred hours of interaction data. The b) Sliding-window autoregressive rolloufit both train-

data spans single-arm and dual-arm robots, parallel gripp&t4 and inference time, future observations are predicted

and dexterous hands, as well as human hand demonstratij‘l@oregreSS'VEW' Given an initial context of lengfh, pre-

covering diverse viewpoints and control interfaces. This hefictions are generated sequentially:
erogeneity enables the world model to learn embodiment-
agnostic interaction dynamics while remaining compatible
with varied sensory and action con gurations. where only the most receri; steps are retained to bound

b) Multi-view visual observationsEach timestep may memory and computation. Predicted tokens are appended to
include up to four RGB observations, consisting of twehe context and used to predict subsequent steps:
external views and two wrist-mounted views. Let

CtZRA D.

241 = T (2t T+ s Gt Tod1it);

Ztak = T (Zt+k Tot+k 15 Ctek Tet+k 1)

V=fviiivg Vo4 i . _
This sliding-window mechanism enables long-horizon roll-

denote the set of available viewpoints at a given timestep. Ea@#t While maintaining xed computational cost per step.
view v 2 V is independently encoded by a pretrained visual ¢) Teacher-forcing objective:For one-step prediction,
tokenizer into a grid of latent tokens. Since not all viewpoiniie model is trained using teacher forcing, where ground-
are available for every timestep or embodiment, we empléyth observations are provided as input context. The loss is
token-level masking to handle missing observations, showndamputed as mean squared error (MSE) in latent space:
Fig. 9. For each view, a binary mask L X1

— 2.
mEV) 2f0; 1g Ll—step— ﬁ k241 Zt+1 k2 :

t=1

is expanded to all corresponding latent tokens and appliedwhen modality masks are present (e.g., missing views), the
prior to the dynamics model. Masked tokens are zeroed out d88s is computed only over valid tokens:
excluded from loss computation, enabling the model to operate )
on partially observed multi-view inputs without introducing L 1.step= Mes k%sﬂ s Zin ;sk2;
padded or hallucinated observations. Mgs

c) Shared dynamics across embodimevifier tokeniza- \yherem,, 2 0; 1g denotes token validity.
ti_o_n and positi_onal embedding, implemented via rotary po- d) (jpen-loop sampling objectiveTo improve long-
sition embetjegjmgs (ROPE), both visual tokeas and con- pqi;0n stability, we additionally train the model using open-
trol tokensc ™~ are projected to a shared model dimensiogg, rollout. Starting from a short ground-truth context (typi-

and processed by a spatio-temporal transformer. All trangyy one frame), the model generates predictions autoregres-
former parameters are shared across embodiments; the %ri\lliély for a horizonH :

embodiment-speci ¢ components are the input tokenizers for
actions and states. As a result, the model learns a uni ed 22.n+1 = Rollout (z1; c1.):







