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ABSTRACT

Vision-Language-Action (VLA) models show strong generalization for robotic
control, but finetuning them with reinforcement learning (RL) is constrained by
the high cost and safety risks of real-world interaction. Training VLA models
in interactive world models avoids these issues but introduces several challenges,
including pixel-level world modeling, multi-view consistency, and compounding
errors under sparse rewards. Building on recent advances across multimodal
models and model-based RL, we propose **VLA-MBPO**, a practical world
model-based RL framework to tackle these problems in VLA finetuning. Our
approach is guided by three key design choices: (i) adapting *unified multimodal
models (UMMs)* to VLA settings, leveraging rich multimodal priors to enable
world modeling with limited data; (ii) introducing an *interleaved view decoding*
mechanism to enforce consistency across views; and (iii) employing *chunk-level
branched rollout* to limit rollout horizons and mitigate error compounding during
policy optimization. Our theoretical analysis shows a reduction in value gap of
VLA-MBPO, and experiments in both simulated and real-world tasks demonstrate
that our method effectively improves policy performance and sample efficiency for
VLA finetuning.

1 INTRODUCTION

The emergence of Vision-Language-Action (VLA) models represents a significant advancement in
robotic control, primarily attributable to their enhanced generalization capabilities (Kim et al., [2024;
Intelligence et al.| 2025b)). By integrating the expansive world knowledge and reasoning ability of
Vision-Language Models (VLM) with extensive pretraining on vast robotics datasets, VLA models
can effectively learn and execute a diverse range of tasks across varied robotic embodiments (Deng
et al.,[2025b; [Intelligence et al., 2025b; |Bjorck et al., [2025]).

Traditionally, finetuning VLA models typically relies on imitation learning (IL), particularly Behavior
Cloning (BC), where the model learns a policy by minimizing the discrepancy between the model
and expert actions (Kim et al.| 2024} [2025; Intelligence et al., 2025b)). However, BC is constrained
by the limited generalizability and the high cost of collecting large amounts of expert demonstra-
tions (Xu et al., 2020; Rajaraman et al.,[2020). As another alternative for finetuning, reinforcement
learning (RL) has been explored to enable policies that learn directly from environmental interactions,
thereby achieving stronger generalization with fewer human demonstrations (Chen et al.| [2025b; [Liu
et al., 2025 Zang et al.| 2025; |Li et al., [2025a)). Nevertheless, applying RL in real-world settings
remains challenging, as it typically requires numerous interactions with the environment, making it
prohibitively expensive, potentially unsafe, and hard to scale (Zhang et al.| [2025; Xiao et al., 2025)).

“Equal contribution.
"Corresponding author.



Published as a conference paper at ICLR 2026

@ @ 1mage Token Interleaved @ Task Illustration )
@ Text Token Dynamics Vlew Decodmgm Reward
@ Noise Token Model Model ® " ® °
DDDDDDDDD@@DDDG EEED
Unified Multimodal World Model
DDDDDDDDDBBDDDD

Achans Genemte
\ 64,172, ... Wrist View

@ [ offline Data L Chunk-lavel 1L Policy Update \

Branched Rollout

C]C]C]

Fold Towel
Is finished?

Imagined
@ imagined Data agine

Data
. @ D D :> Flow-Noise @""-/
e > X
<, —O-0-0—-0—40 << o M
e I ined VLA
_ S -B-80 e er Midv
.

Figure 1: The framework illustration of VLA-MBPO, comprising (A) a UMM-based world model
with interleaved view decoding for multi-view observation and reward prediction, and (B) a stable
and scalable policy update algorithm with chunked-level branch rollout. (C) illustration of both
simulated and real-world task designs in our work.

To overcome these, a promising approach is to use world models as simulated environments, allowing
agents to learn entirely within an imagined space and avoiding the high costs and safety concerns of
real-world interactions (Li et al.}, 2025b}; [Zhu et al, 2025}, [Fei et al., 2025). However, applying world
models for VLA models faces several fundamental challenges. First, VLAs rely on visual inputs,
requiring world models to generate pixel-level future frames and reward signals that generalize well
from limited offline data. While some methods finetune pretrained video models as world models,
these models suffer from low inference efficiency and cannot directly predict reward signals
letal] 2025} [Zhu et al.| [2025). Second, many VLA tasks, especially fine-grained manipulation, rely on
multi-view visual inputs, which demands consistent and coherent predictions across views
[2025; [Qian et al.,[2025)). Furthermore, model-based learning is inherently susceptible to compounding
model errors (Janner et al, 2019} [Yu et all,[2020), and this issue is significantly amplified in VLA
settings due to sparse reward signals, where small modeling inaccuracies can lead to opposite reward
outcomes and severely misguide policy learning. Together, these challenges make it nontrivial to
directly apply existing model-based RL methods to VLA finetuning.

In this work, we propose a practical world model-based RL framework that explicitly addresses
these challenges. To enable sample-efficient and generalizable pixel-space world modeling, we use a
pretrained unified multimodal model (UMM) as the backbone of our world model (Deng et al} [2025a}
Cui et al., 2025} [Sun et al,[2025), allowing joint prediction of visual dynamics and rewards without
expensive video rollouts. To support consistent multi-view generation required for precise control,
we introduce the interleaved view decoding technique that enforces cross-view consistency while
preserving view-specific details. Finally, to mitigate compounding model errors under sparse rewards,
we employ chunk-level branched rollout that limits error accumulation for policy optimization
2025)). Together, these components form a cohesive world model-based RL approach tailored
for VLA finetuning (VLA-MBPO), enabling effective reinforcement learning with limited real-world
interactions, as illustrated in Figure[I]

To validate VLA-MBPO, we provide a theoretical analysis of the reduced value gap alongside exten-
sive experiments in simulation and real-world manipulation tasks. Overall, our results demonstrate
that VLA-MBPO substantially improves policy generalization and data efficiency. Crucially, our
approach yields this good performance using a universal set of hyperparameters, paving the way for
more reliable and scalable deployment of VLA models in real-world robotic applications.

2 PRELIMINARIES

Language-Conditioned Markov Decision Process. We formulate the language-conditioned robot
control task as an infinite-horizon Language-conditioned Markov Decision Process (L-MDP) M =
(S, A, L,T,r,v) (Puterman, [1990; |2014). The state space S consists of visual observations, and £
denotes the set of language instructions. The action space A consists of low-level control commands
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(e.g., joint positions or end-effector poses). The transition function 7' : S x A — A(S) specifies the
distribution over the next state given the current state and the executed action. The reward function
r: 8 x L — {0,1} assigns a binary reward based on the visual observation and the task instruction.
The objective of L-MDP is to learn a language-conditioned policy 7(a¢|s¢, () that maximizes the
expected discounted return V(1) = E-[>"7~, v'r(s¢, )] under any task instruction. Recently, most
VLAs employ action chunking technique (Fu et al.l 2024), where the policy outputs a sequence of k
consecutive actions a; = (a¢, Gi41, "+ , Grrk—1)-

Proximal Policy Optimization. We optimize the policy 7y using Proximal Policy Optimization
(PPO) (Schulman et al.;2017). PPO aims to maximize a clipped surrogate objective £(#) to constrain
policy updates and limit the divergence between 7y and the behavior policy 7y, that collected the
data. This objective function is computed by:

L(0) =E; [min(pt(ﬁ) Ay, clip(pi(0),1 — €,1 +€) At)} ) (1)

where p.(0) = % is the likelihood ratio. To estimate the advantage A, PPO employ
old ot

Generalized Advantage Estimation (GAE) (Schulman et al., [2015)):
T—t
AtGAE(’Y”\) = Z(’y)\)i'ﬁv, where 7,V = r(si41,0) + YVp(se1,1) — Vis(se, 1), 2)
i=0

old

Here V(s,1) is the language-conditioned value function parameterized by ¢, -y is the discount factor,
and A controls the bias—variance trade-off in the advantage estimation.

3 ADDRESSING CHALLENGES IN WORLD MODEL-BASED RL FOR VLAS

Applying model-based reinforcement learning (MBRL) for VLA models poses several challenges
that arise from pixel-level modeling, multi-view generation, and compounding errors under sparse
rewards. We organize this section around these challenges and describe how each design choice
addresses a specific problem. We first focus on challenges in dynamics and reward modeling in
the VLA domain (Section 3T, and then tackle compounding errors exacerbated by sparse rewards
during policy learning (Section [3.2). Together, these components form a cohesive and practical world
model-based RL framework for VLA (Section 3.3).

3.1 CHALLENGES IN WORLD MODELING FOR VLAS

Unlike conventional MBRL settings that Video World Model
rely on low-dimensional states or latent roll- =

outs (Janner et al.,[2019; [Hafner et al., 2023}
Hansen et al., 2024)), world models for VLAs
require (i) high-fidelity pixel-based generation
since VLAs typically take origin images as in-
puts for visual perception, (ii) consistent multi-
view generation for fine-grained control, and
(iii) accurate semantic understanding ability
for reward modeling. However, training such
pixel-space world models from scratch is no-
toriously data-hungry and prone to overfitting | Skip Intermediate Frames
in offline settings.

UMM World Model
. ge

Fi 2:F -skippi h in UMM-World.
Prior work typically finetunes separate large 1gure rame-skipping scheme i or

video models and vision—-language models for dynamics and reward modeling, respectively (Zhu
et al.||2025). While effective, this two-model design introduces complexity and engineering overhead.
In contrast, inspired by recent advances (Deng et al., 2025a; |Sun et al.| [2025)), we adopt unified
multimodal models (UMMs) as a streamlined alternative, enabling joint prediction of future ob-
servations and rewards within a single model. Moreover, by directly modeling dynamics without
generating intermediate frames, UMMs improve rollout efficiency compared to video world models
(Figure 2). However, since UMMs are not originally tailored for VLA settings, additional adaptations
are required.
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Extending UMM s to Action Spaces. UMM-based world models typically operate over vision and
language modalities (Sun et al., 2025)), whereas VLA agents introduce an additional low-level action
modality. To support UMM:s in handling low-level action inputs, we follow (Goyal et al.| (2025)) to
represent actions as integer tokens by discretizing continuous action values into a fixed range (e.g.,
[0,256]) and mapping them to the UMM vocabulary. The UMM is then tasked with generating the
next observation and reward based on the text-based action chunks. This process is formalized by
the conditional probability ;4 ~ Tp(+|s¢, @) for the next observation, where a; represents a k x d
token sequence, with k being the chunk size and d the number of action dimensions. Moreover,

we define the chunk-level reward as ¢ (s;1%,1) = S.r_, v~ 'r(se44, 1), where ~ is the discount
factor and r(s¢4,!) denotes the reward at step ¢ + 7 under task instruction /. This design requires
no architectural or vocabulary modification, preserving the pretrained capabilities of UMMs. In our
implementation, we adopt Bagel (Deng et al.,[2025a)) as the base model.

Interleaved View Decoding. Fine-grained manipulation often requires reasoning over multiple
camera views, as a single viewpoint is insufficient to fully capture object geometry, occlusions,
and contact dynamics. This introduces an additional challenge for world modeling: in addition
to predicting visually plausible future observations, the world model must maintain cross-view
consistency for downstream policy learning. Directly extending UMM s to multi-view inputs often
results in view-specific artifacts, which can degrade control performance, even when local predictions
are accurate. To address this challenge, we propose a interleaved view decoding strategy that explicitly
enforces consistency across multiple camera views. In most VLA models, the input consists of both
head-view (or top-view) camera images s and wrist-camera images s*, forming the combined input
s = [s", s*]. Here, the head-view captures global scene information, while the wrist-view provides
fine-grained but partially observable details. To model this, we decompose the state transitions as:

h h h
Sivr ~ To(-sts sty avern—1), s, ~ To(-]sy, sihp)- 3
Empirically, we find that this way is better than independent generation of each view in Section[5.1}
which ensures that both global and fine-grained information are effectively integrated, maintaining

consistency between views. This decomposition can be implemented easily with interleaved decoding
in UMMs with attention matrix in Figure 10}

3.2 CHALLENGES IN COMPOUNDING MODEL ERRORS UNDER SPARSE REWARDS

Compounding errors are a fundamental challenge in MBRL, as inaccuracies in world model predic-
tions accumulate over long rollouts and can severely mislead policy optimization. In VLA settings,
this issue is further exacerbated by sparse reward structures commonly encountered in manipulation
tasks, where small prediction errors may result in qualitatively different outcomes and even opposite
reward signals. Such error amplification renders naive full-horizon rollout strategies unreliable.

To mitigate this issue, we employ the chunk-level branched rollout, a technique used in state-based
simple tasks (Park et al., 2025) but has not been validated in pixel-based VLA finetuning. Instead
of rolling out full-horizon trajectories starting from the initial state sy, we initiate rollouts from any
observation within the offline dataset with much smaller rollout horizon. Furthermore, since our
world model operates at the chunk level, we can further reduce the effective rollout horizon by a
factor of 1/k, where k is the chunk size. By combining these two strategies, we shorten the rollout
length by a large margin, thereby enhancing the efficiency and stability of policy optimization.

3.3 VLA-MBPO: PRACTICAL WORLD MODEL-BASED RL FRAMEWORK FOR VLA MODELS

We present VLA-MBPO, a practical world model-based RL framework for VLA models, which
integrates the three components mentioned above to facilitate VLA reinforcement learning, as
illustrated in Figure[I] Our algorithm consists of three phases: 1) data collection with the VLA model;
2) world model finetuning with collected data; 3) policy optimization with RL in the world model.
For policy optimization, we adopt Flow-Noise (Chen et al., | 2025a), a simple variant of PPO for flow
matching-based policy learning. During the RL process, we append an MLP-based value head to the
VLA model for value prediction (Chen et al.,[2025a). Here, the advantage under n branched rollout
with chunk size k is defined as:
n k
A?AE(A”/\) = Z(”yk)\)“ﬁv, where 7;¥ = Z VT (814, DAYV (80485 1) — Vip(s1,1). (4)
i=0 j=1

4
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The Flow-Noise estimates the log likelihood term in the PPO policy loss as follows:

K-1
logms(A | s¢) = log <7T¢ (A0 | s¢) H T (AT A”,st)> , (5)

=0

where A = (A°, ..., A') is denoising sequence. The complete algorithm is shown in Algorithm

Algorithm 1 VLA-MBPO

1: Require: Initialized VLA Model {4, V;;}, initialized World Model {Ty, ry}, initialized the
replay buffer D.
Data collection: Run 7 in real environments to collect data and add them to D.
World model fine-tuning: Fine-tune {7y, ¢} on D.
Policy optimization in WM:
fOI‘j =1to NRL,iter do
Sample starting states {s; }* from buffer D.
Generate chunk-level branched rollouts by Ty, .
Run Flow-Noise to update {74, V;} on these synthetic data.
end for

R A A ol

Our method can be viewed as an instance of offline model-based reinforcement learning (MBRL),
but it differs from prior approaches in several key aspects. First, unlike traditional methods using
conservative regularization to mitigate model bias (Yu et al.,|2020; Sun et al., 2023} |Lin et al., [2025),
our approach omits such mechanisms as the finetuned UMM-World achieves sufficient accuracy to
render them unnecessary. Second, unlike recent action-chunking-based offline MBRL method (Park
et al., |2025), our method is built upon PPO framework and therefore does not rely on additional
designs like rejection sampling and Q models, significantly reducing the system complexity. Driven
by these two advantages, our method maintains a single set of hyperparameters across all tasks
(Table[d)), which enhances its practical utility and simplifies deployment in real-world scenarios.

4 THEORETICAL ANALYSIS

In this section, we first analyze how previous world model-based RL methods suffer from severe
compounding model error in Section[d.1] Then we show a theoretical result of how VLA-MBPO
mitigates these errors in Section 4.2

4.1 VALUE GAP OF WORLD MODEL-BASED RL
Previous world model-based RL for VLA methods evaluate the chunk-level policy in the step-level
world model with full-horizon rollouts (Xiao et al., 2025} Zhu et al., [2025).

Theorem 4.1 (Value Gap of Chunk-level Policy, Step-level World Model). Given a chunk-
level policy ©" with a chunk size k, and a step-level world model T. Assume that €& =

max, Drv (75 (als)||7*(als)) and ey = max; B, pr [DTV (T(s'|s,a)||f(s'|s,a))]. Then, the

value gap of policy " under the true environment and the learned world model is bounded by:

. 2r 29k ky*
174 k i 74 k < max k 2k ml - 6
V() = V)] < T2 | ek ek 4 e ©

Proof. See Appendix [B] O

As shown in Theorem the value gap is influenced by two components: (a) Policy error
k . . . k . . k .
e the divergence between the current policy 7" and the behavior policy 77, , with dependency

@ (W’ka)) . (b) Model error ¢,,: the discrepancy between true dynamics 7" and learned model

T', which also significantly scales as O (%)
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The value gap grows quadratically with the task horizon due to the compounding errors, resulting in
big value errors in long-horizon tasks. For large VLA models, we typically control policy divergence
€* by reducing the update step size or adding a KL constraint. However, world model error ¢,,
is more challenging to control during RL training, as it is largely dependent on the high-quality
pretraining. Consequently, even small model inaccuracies can accumulate over long rollouts, leading
to significant distortions in value estimates and misleading policy optimization.

4.2 REDUCED VALUE GAP OF VLA-MBPO

Here, we demonstrate how VLA-MBPO reduces compounding errors by employing a chunk-level
branched rollouts in a chunk-wise world model.

Theorem 4.2 (Value Gap of Chunk-level Policy, Chunk-level World Model, Branched Rollouts).
Given an dataset D and a chunk-level policy 7 with a chunk size k. Suppose that policy 7" is evalu-
ated via n-chunks branched rollouts in the chunk-level world model T*(s'|s,a). Assume that € =

max, Drv (75 (als) || 7% (als)) and ef;" = maxj<, E__ . [DTV (Tk(s’|s, a)|| 7% (s'|s, d))}.
- s~ t,sg~D

Then the value gap of policy ©" under the true environment and the world model is bounded by:

2T max [(’Yk)n+1 k

vty - (] < e | 0L by nek] 0

S1-,
Proof. See Appendix [B] O

Theorem f.2] highlights how VLA-MBPO limits the value gap between the true environment and
the learned world model via chunk-level world models and branched rollouts. By restricting the
length of the rollouts and breaking the task into chunks, both the policy and model errors are
mitigated compared to previous methods. Specifically, the policy error dependency is bounded by

o ((195271?%)) while the model error dependency is bounded by O (ﬁ) We observe that as

n increases, while the dependency on model error increases linearly, the influence of policy error
diminishes exponentially. This suggests that by appropriately selecting the branched-rollout chunks
n, we can significantly alleviate this value gap.

5 EXPERIMENTS

We conduct extensive experiments on both simulated and real-world robotic tasks to answer these
questions. Q1: How does our UMM-based world model (UMM-World) perform on multi-view
dynamics modeling and reward prediction? (Section[5.1) Q2: How does VLA-MBPO perform in
simulation tasks? (Section[5.2) Q3: How does VLA-MBPO perform in real-world tasks? (Section[5.3)
Q4: How sensitive is VLA-MBPO to key hyperparameters and design choices? (Section|5.4)

5.1 WORLD MODEL EVALUATION

Benchmark. We conduct our evaluation on the Object task suite in LIBERO (Liu et al., [2023)),
a manipulation benchmark that contains 10 distinct tasks with diverse object instances. We use a
dataset comprised of 50 trajectories per task for training, and report evaluation results on a held-out
test set of 10 trajectories per task. The evaluation protocol involves rolling out 40 steps across 100
held-out test trajectories. We report evaluation results for both head and wrist views to rigorously
assess long-term consistency.

Baselines. We quantitatively compare our model against two distinct baselines: (1) Ctrl-World (Guo
et al., 2025)), a video generation model that excels at dynamics synthesis with multi-view consistency
but lacks the semantic grounding for reward prediction; and (2) Qwen3-VL (Bai et al. 2025), a
VLM capable of reward reasoning but unable to predict visual dynamics. Moreover, to validate our
model design, we evaluate two ablations: 1) w/o Interleaved View Decoding (IVD), where views are
generated in parallel rather than interleaved, isolating the impact of our multi-vew decoding strategy.
2) w/o Pretrained (PT), where UMM-World is randomly initialized. We quantitatively evaluate all
models from dynamics prediction, inference speed and reward prediction perspectives.
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Dynamics Model Reward Model

Model Head View Wrist View
Inf. Time, ACCtT FI11
LPIPS| PSNRt SSIMtT LPIPS| PSNRT SSIMt

Ctrl-World 0.150 21.95 0.882 0.435 13.87 0.680 21 - -
Qwen3-VL-8B - - - - - - - 97.0  0.841
UMM-World 0.094 23.29 0.906 0.254 18.76 0.751 10 984  0.861
- w/o IVD 0.116 21.71 0.895 0.454 13.38 0.559 8 98.5  0.799
-w/o PT 0.281 19.26 0.756 0.579 12.80 0.499 10 94.5 0.496

Table 1: Performance comparison of various world models across multiple metrics.

Task Results. As presented in Table [[, UMM-World demonstrates superior performance across
nearly all metrics. Not only does it outperforms the video world model baseline on the prediction
fidelity of both head and wrist views, but also achieves a 2x faster inference speed owing to the
frame-skipping scheme. When it comes to reward prediction, our model also matches the specialist
Qwen3-VL-8B. We credit these substantial gains to two key innovations: Interleaved View Decoding
and Unified Pretraining. Ablation studies confirm that removing either component leads to a severe
degradation in both dynamics modeling and reward prediction performance. We also present some
qualitative results of UMM-World in Figure[d]and Figure [T T]

5.2 SIMULATION TASK EXPERIMENTS

Benchmark. We evaluate VLA-MBPO on LIBERO (Liu et al., 2023), a widely adopted benchmark
consisting of four task suites: Spatial, Object, Goal, and Long, designed to assess capabilities ranging
from visual grounding to long-horizon planning. The offline dataset is constructed by collecting 50
episodes per task, where the behavior policy is obtained via 7 5 with one-shot SFT. We measure
performance by average success rate over 50 episodes per task across all 10 tasks in each suite.

Baselines. We compare our approach against three baselines: (1) w5 (SFT): The initial SFT policy
(mo.5) prior to any RL fine-tuning; (2) mrz, (Chen et al.l 2025a): An online reinforcement learning
baseline under an equivalent real-world interaction budget; and (3) IDQL (Hansen-Estruch et al.,
2023): An offline model-free reinforcement learning algorithm for flow-matching policies.

4 Failure Trajectory I
LIBERO Tterl Iter2 Iter 3
Model M
Spatial Object Goal Long Avg
One-Trajectory SFT \_ " 2 )
mo.5 (SFT) 78.2 88.6 858 546 768 ( Success Trajectory )
TRL 86.0 92.4 90.8 612 82.6 .
IDQL 79.0 92.4 864 522 715 |-
VLA-MBPO 87.8 96.6 928 668 859 i
A +9.6 +8.0  +6.8 +122 +9.1 S e -
Training Iteration
Table 2: Performance comparison on Libero. Figure 3: Learning dynamics of value models.

Task Results. As shown in Table[2] VLA-MBPO achieves consistent and substantial performance
gains over all baselines across every suite of the LIBERO benchmark. It attains the highest average
success rate, improving the initial SFT policy by +9.1. Notably, the most pronounced improvement
occurs on the LIBERO-Long suite, which comprises the most challenging long-horizon tasks. Under
an identical real-world data budget, VLA-MBPO substantially outperforms both offline and online
RL methods on this suite, highlighting its superior sample efficiency and effectiveness in solving
complex manipulation tasks.

Credit Assignment for Stitched Trajectories. We visualize the learning dynamics of the value model
on unseen full-horizon trajectories in Figure 3] where blue lines represent ground-truth returns, while
orange lines represent returns estimated by the value model. We find that despite training with short
branched rollouts, our value model progressively aligns with ground-truth returns through learning
cross-chunk temporal dependencies and value consistency, thereby achieving coherent long-horizon
value estimates that accurately reflect trajectory outcomes. We posit that this stitching capability is
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the fundamental mechanism enabling VLA-MBPO to achieve significant policy improvement using
only short-horizon model-based rollouts.

5.3 REAL-WORLD TASK EXPERIMENTS

UMM World

Ground TruTh

m =remrIvem | 4

3%e 29 3%e 29 3V

Initial Obs

Initial Obs Initial Obs Initial Obs

L
J_! Fara

Figure 4: Qualitative visualization results of UMM-World.

Transitioning from simulation to the physical world introduces significant challenges, including
complex non-rigid dynamics, sensor noise, and unmodeled environmental factors. In this section, we
explore whether VLA-MBPO can improve performance of VLAs in the real-world scenarios.

Experiment Setup. As shown in Figure 9] we design five real-world tasks across two robotic
platforms. On the bimanual robot Arx-XS, a) Plug Cable requires sub-centimeter precision to insert
a cable into a 3-mm socket, while b) Fold Towel assesses bimanual manipulation of deformable
objects. On the whole-body robot Galaxy-R1, ¢) Pick Cup and d) Insert Pen evaluate whole-body
manipulation with disturbed robot poses and camera viewpoints, and e) Wipe Board tests mobile
whole-body control under partial observability. For each task, we collect expert demonstrations via
human teleoperation, with approximately 50 trajectories for Arx-X5 tasks and 100 trajectories for
Galaxy-R1 tasks, and perform SFT for 7 5. We then collect 50 rollouts per task using 7 5 (SFT) for
subsequent VLA-MBPO training. Evaluation is conducted on 50 trajectories per task: 30 seen and 20
unseen, where the latter include novel objects, backgrounds, and spatial configurations. Additional
details are provided in Appendix [C]

Task Results. As shown in Figure 5] VLA-
MBPO delivers consistent performance gains
across both robotic platforms, validating its ro-
bustness in physical environments where dy- g 0
namics are inherently stochastic. On Arx-X5, 50
gains in Fold Towel confirm effective model- & 4
ing of deformable-object dynamics, while im-  § 5,
proved Plug Cable performance highlights suc- 3
cess in fine-grained, contact-rich manipulation.
On Galaxy-R1, VLA-MBPO excels in high-DoF ™
whole—body control, notably in Wipe Board task 0 PlugIn  Fold Towel InsertPen Pick Cup Wipe Board
with severe partial observability. Strong results

on both seen and unseen conditions further val- Figure 5: Performance comparison of real-world
idate its real-world generalization. tasks on the Arx-X5 and Galaxea-R1 platforms.

0 nmos(SFT) [0 IDQL W VLA-MBPO

3
0 20

5.4 ABLATION STUDY

Here, we explore the influence of two key factors: the a) rollouts scheme, and b) generated sample
size. We conduct ablation studies on LIBERO-Long suite.

Rollouts Scheme. We analyze the impact of different rollout lengths for VLA-MBPO, as shown in
Table[5] The results consistently demonstrate that VLA-MBPO improves policy performance across
various rollout horizons. However, there is a tradeoff: shorter rollouts (length=1 chunk) restrict
exploration and complicate trajectory stitching, while excessively long horizons (length=4 chunks)
lead to the unreliable trajectory generation. Both of these factors limit the potential for performance
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gains. Furthermore, using full-horizon rollouts in long-horizon tasks results in significant performance
degradation due to intolerable compounding model errors.

Imagined Sample Size. We analyze the policy perfor-

mance across different generated sample sizes per iter- 70
ation as shown in Figure[§] VLA-MBPO demonstrates COL:(;\E:;
a consistently monotonic improvement in success rate £ 65
with increasing sample size. As the generated sample ;3
size grows, the value estimations become more accurate, 4 60
which reduces variance in policy gradients and results g 55
in more stable policy improvements. This underscores
the potential of VLA-MBPO to tackle more complex 50
128 256 512 1280 2560

multitask learning challenges, offering a scalable and

practical approach for world model-based RL for VLAs. Figure 6: Results of different sample size.

6 RELATED WORKS

Reinforcement Learning for VLA Models. Recent research has increasingly focused on adapting
reinforcement learning to fine-tune VLA models for embodied control. |Li et al.| (2025a)) and [Liu
et al.| (2025) adapt standard on-policy algorithms (Schulman et al., [2017)) to fine-tune next-token
prediction VLA models (Kim et al.,2024;|2025) and other work like 7z;, (Chen et al., 2025a) extends
online fine-tuning to flow matching policies (Black et al.| [2024; |Intelligence et al., [2025c)). However,
regardless of the backbone, the prohibitively high sample complexity of online interaction restricts
their applicability in real-world scenarios. To circumvent these costs, Offline RL has been applied to
finetuning VLA. 7 (Intelligence et al.,[2025a) improves VLA policies via advantage-conditioned
policy optimization over heterogeneous offline data. Reinbot (Zhang et al., [2025)) enables offline
policy optimization by predicting dense returns from static datasets. Despite their data efficiency,
these methods operate purely on static datasets without modeling environment dynamics, limiting
their ability to simulate consequences or recover from out-of-distribution states.

Model-based Reinforcement Learning. Model-based reinforcement learning improves sample
efficiency by learning environment dynamics to augment experience with imagined transitions (Janner
et al.l 2019; [Lin et al.l 2023)) or to enable planning (Chua et al., 2018). This paradigm has also
been extended to offline RL by generating synthetic data beyond static datasets (Yu et al.,[2020; |Sun
et al.} 2023; [Lin et al.|, 2025 [2026). A central challenge in MBRL is compounding error, where
small prediction errors accumulate over rollout horizons. MBPO (Janner et al.| |2019)) mitigates
error by performing short branched rollouts, and MOPO (Yu et al., 2020) and MOBILE (Sun et al.,
2023) further penalize policy optimization in regions with high uncertainty to prevent exploitation
of inaccurate dynamics. More recently, [Park et al.| (2025) proposes an action-chunked dynamics
model that predicts future states from action sequences, though it remains limited to low-dimensional
state spaces and relies on a complex design for conservative Q-learning. In high-dimensional visual
control and VLA settings, [Zhu et al.|(2025)); Xiao et al.| (2025); [Li et al.| (2025b) make important
progress, but their reliance on full-horizon rollouts leaves them vulnerable to compounding errors,
limiting their applicability to long-horizon and complex tasks.

7 CONCLUSION

In this paper, we present VLA-MBPO, a practical world model-based RL framework for finetuning
VLA models. By integrating a UMM-based backbone, interleaved view decoding for multi-view con-
sistency, and chunk-level branched rollout to mitigate error compounding, VLA-MBPO significantly
enhances policy improvement and sample efficiency. These advancements enables a more practical
post-training method for VLA models, pave a way for more reliable real-world deployment.

Limitations. Despite the higher inference efficiency of UMM-World compared to video models,
the sample generation phase still requires large computational resources, as detailed in Appendix [F
Additionally, since the UMM model used in our framework was not pretrained on action-labeled
robotic data, VLA-MBPO still requires a small amount data to finetune the world model when applied
to downstream tasks. A promising direction for future work is to enhance the pretraining process,
enabling the world model to achieve one-shot or even zero-shot generalization.
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A USEFUL LEMMAS

Lemma A.1 (Total Variation Distance for Joint Distributions). Let P1(x,y) = Py (x) P1(y|z) and
Py (z,y) = Py(z) Pa(y|x) be two joint probability distributions over (x,y). Then the total variation
distance between Py and Py satisfies

Dy (Py (2, y)||P2(x,y)) < Dry (P1(2)|[P2(2)) + max Drv (Py(yl2)|Pa(ylz)) ()

Proof. Recall that the total variation distance between two distributions p and v is defined as
Drv(p,v) = % J |dp — dv|. Applying this to the joint distributions P; and P», we have
DTV (Pl (.’I}, y) ||P2 (Z‘, y))
1
=5 | IPA@Pi(slo) ~ Pala)Pa(ye)| dz dy
z,y

= 1/ Py (2)P1(y]x) — P1(2)Pa(y|x) + Py (2)Pa(yla) — Po(x)Pa(yla)| do dy

)

2

)

1/ ]P’l(x)’]P’l(y|x) = Pg(y|x)| dx dy + %/ ‘Pl(m) — ]P’g(x)|lP’2(y|a:) dz dy

IN

2
= Eop, [Drv (P1(y]2) |P2(y|2))] + Dov (Pi(2)|[Pa())
< max Drv (P1(y|2) [Pa(yl2)) + Drv (P (2)|[P2(x))
O

Lemma A.2 (Total Variation Bound for Rollout State Distributions). Let Py and Py be two stochas-
tic processes over states {s;}1>o that share the same initial state distribution, i.e., P1(sg) =
P5(s0). Suppose that the expected total variation distance between their transition kernels sat-
isfies max; E . pt (s) [Drv(P1(s]5)||[P2(s|s))] < 6. Then, the total variation distance between the
marginal state distributions at time t is bounded as

DTV(Pl (St)HPQ(St)) S t(s (9)

Proof. We proceed by induction on ¢. For ¢ = 0, we have P1(sg) = P2(so) by assumption, so
Dy (P1(s0)]|P2(s0)) = 0 < 0 - 4, which establishes the base case.

Assume the claim holds for some ¢t — 1 > 0, i.e.,
Dyy(Py(se—1)[[P2(si-1)) < (t—1)8 (10)

We now bound the distance at step n. By the law of total probability, the marginal densities satisfy

]P’i(st) = /Pi(8t|8t,1)]}bi(8t,1)dstfl, i€ {1,2}

The total variation distance is then
Drv(Pi(st), Pa(sy))

- |P1(st) — Pa(se)| dst
2
— ;/‘/{Pﬂsdstl)ﬂ”l(stl) _P2(st|st71)ﬂb2(8t71)}dst,l

dSt

1
<5 [ [IPrtoilse)Pa(si) = Palsilsia)Pa(or)dse-r ds
1 1
< 5//P1(St—1)’P1(8t\St—1) — Po(se|se—1)| dsydsi—1 + 5//|P1(St—1) —Pa(st—1)| Pa(se|si—1) dsy dsy—1

1 1
= 5//P1(St—1)’P1(5t\St—1) - P2(5t|5t—1)| dsydsi—1 + 5 /fpl(st—l) - ]P’z(St—l)| dsi—1

=E,,_ p1s [Drv(Pr(selse—1)Pa(se]si-1))] + Drv(Pi(se—1)||P2(si-1))
(11)
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By the assumption, the first term is at most &, and by the induction hypothesis, the second term is at
most (n — 1)d. Therefore,

Dry(P1(s¢)|[P2(st)) <0+ (n—1)6 =nd (12)

This completes the induction step. Hence, for all n > 0,
Drv(Pi(se)||P2(s¢)) < nd (13)
O

Lemma A.3 (Value Divergence, Chunk-Level Policy, Chunk-Level World Model). Let k € NT
be the output chunk size of policies. Consider two stochastic k-steps policies % and 5%, where
each policy selects an action sequence Gy = ai..yk—1 given State s;. Suppose that policy w’f and
7§ are evaluated in the chunk-level world model T (s'|s, @) and T¥(s'|s, @) respectively. Assume
the reward per-step satisfies r(st, a:) € [0, 'max|, and define the k-steps total variation divergence
between the policies as €* := max, Dry (7§ (als) || 75 (a|s)). Likewise, the dynamics divergence
k = max, E ot [Dry (TF(s'|s,a)|| T (s'|s,a))]. Then the value gap of two
t

S~

is bounded by ¢
policies is bounded by

’Yk
eh ek 4 el (14)

2Tmax ’yk
[Vrh) - Vb)) < —

T 1l—ny |1~k

Proof. We reformulate the problem as a temporally-extended MDP M* = (S, A* T, 7, ~*), where:

* The state space S is unchanged.
* The action space is chunk-level AF with @ = ag.,_1 € A*.

* The transition kernel 7% (s | s, @) denotes the probability of reaching state s’ after executing
the k-steps action sequence a from state s.

¢ The reward 7(s,a) := Zi:ol vir(si,a;) is the y-discounted sum within the chunk. Since

r(s,a) € [0, rmax], the chunk reward is bounded by 7,ax = rmax%.

» The discount factor between macro-steps is y*.

Crucially, the expected return of any k-steps policy is identical under the original MDP and its
temporally-extended variant. Let d?k denote the state-action density of policy 7* at the timestep

tand d* = (1 -3 O(fyk)tdfk is the overall discounted occupancy measure, such that
V(rk) = [r¥(s,a) Yo, (v%)tdF " (s, a)dsda = (= [*(s,a)d™ (s,a)dsda, then we have

|V (n}) = V(3)|

1 ; :
. /7’]“(5,&)d7ri (s,a)dsda — /Tk(s,d)dﬂg(s,&)dsd&
-

1 /k )
< r(s,a)
11—~k

the [

QTmax

ok ~ ok ~
[ Dy (@ (s,a)la (s,a) )

k

d™ (s,a) — d™ (s, a)) dsdi as)

d™ (s,d) — d™ (s, a)‘ dsda

<

By Lemma[A.T] we have

Drv(d™ (s,8)[|d" (5,3)) < max Drv (wf(als)|75(dls)) + Drv (a7 (9)|a™ () (16)
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The first term is exactly €¥. For the second term, we have

D (@ @) = 5 [0 =29 3057 ) = (=4 301 o) s
t=0 t=0
<500 [ | o) - drt o) s (7)

By Lemma|[A2] we have

(=5 365 Drv (47 ()14 (s) )

t=0
S0 S mEy [Pry (a7 (19 1)
t=0
<t meE g [Py (d )17 ()5) )
'Yk

max E ot [/|T1 '|s,a)mk (als) — To(s'|s, a)75 (a ]da]

:’yimaxE( o U |TE(s'|s, @) (x4 (als) — w5 (als)) + 7 (als) (TF('|s, @) — ;(8/|s,a))|da]

k
S’Yikmaxﬂﬂ %li/’ﬂ'l (als) — 75 (a ’da—&—/‘Tl '|s,a) — To(s sa‘da}

S(ljifyk) (mSaXDTV(ﬂ’f( |s) |75 (als)) +m?xESNd,1f [Drv (le(s'|s,&)||ch(s'|s7d))]>
RUCEES
(1—+%)
(13)
Finally, we have

QTmaX 27.[11&)(

|V (n})=V ()| <

Dy (d™ ||d™) < ,
— Tv(d™ |[d™) < _W(Gﬁr (1= %) 1— 7)) o
O

Lemma A.4 (Value Divergence, Chunk-level Policy, Chunk-level World Model, Branched Roll-
out). Let k € N7 be the output chunk size of policies. Consider two stochastic k-step policies
w’f and 7r§, where each policy selects an action sequence Gy = ay.11,—1 given state s;. Suppose
that policy 7% and w§ are evaluated in the chunk-level world model Tf (s'|s,a) and Tk (s'|s,a)
respectively. Assume we run a branched rollout of length n with chunk size k. Before the
branch (”pre” branch), we assume that the expected total variation divergence of dynamics is

bounded as max; IE ot Drv (Tf’pm(s’|s, a)||Te" (s, d)) < €k and after the branch as

max; B« Dry (Tk PO (s, @) || TaP "s’(s’\s,&)> < €9 Likewise, the policy divergence is
s~d +

pre k pmt

bounded pre-branch and post-branch by ¢%*™ and €* respectively. Then, the value gap of policy

7% and 7§ is bounded as:

('7 )n+1( ,p)e+€kpre)
1—

2 max
’V(?Tic) - V(Flg) < lr_i:/ [nefﬁl’ost + (n + 1)€£€r7post T + (,yk)nefr,pre

(20)

16

Pyk(d?r + efjn)) _ Q’Vkrmax(efr + Eﬁl) QTmaXEﬂ
l—x
9)
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Proof. We again utilize the temporally-extended MDP M* = (S, A", T,7, 7*). In this view, a

branched rollout of length n chunks starting from s ~ dr corresponds to a standard trajectory in
MP with discount factor ’yk, but truncated or branched.

Similar to Equation[I35]and Equation[I7] we obtain

2rmax

Vi) = V)| < T2 Drv (a7 (s, a) |47 (5.8) <

(1=9%) 3 Drv (45 (s, )07 (5,))

2h
For t < n, by Lemma@ and Lemma[A.2] we have

Dy (4 (s,@) 477 (5,8)) < Dy (7 (s) 1057 (s) ) +max D (wh afs) w5 als)) < el ehr™) 4
(22)

And for ¢ > n we have

Dy (47 (s, @) 7% (5,8)) < ek + €h7) 4 (1 — ) (e + k) o kot b (23

Combined the results above, we have

2L =08 SA Gy (D (i (5,00 5,

1—n t=0

2Tmax 1 —~k - wk k ~ wk ~

<Zon=7) (Zw’“)ww (7 sl (,2) + 3 M) Dy (4] <s,a>||df<s7a>)>
t=0 t=n+1

2rmax(1 - ’Yk) . kNt k t k t
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Simplify the inequality above, finally we have

o Ry (hore | kopre
V() = V)] < 322 ekt (o bty SS ) (it
(25)

B THEORETICAL ANALYSIS

Theorem B.1 (Value Gap, Chunk-Level Policy, Step-Level World Model). Given an offline dataset
D and a chunk size k € NT, where the policy selects an action sequence @y = Gp.py4h—1
given state s;. Assume the reward per-step satisfies (s, at) € [0,7max), and define the k-
step total variation divergence between the policy ™ and the behavior policy ’/T% is bounded

by €& = max, Dyv (75 (als)||7"(als)). Let €, = max;Eq pr [DTV (T(s'|3,a)|\T(s’|s,a))}

denote the expected total variation divergence of learned dynamics T. Then, the value gap of policy
7% under the true environment and the learned world model is bounded by:
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Proof. We decompose the value gap as follows:

V(%) =V (x")]
V(r*) = V(xp) + V(rp) — V(x")]

. (27
SV (7)) = V(rp)| + |V (np) — V(")
Lq Lo
For Ly, we apply Lemma|[A.3| with zero dynamics divergence and obtain
27 max ’Yk k k

[ < —— 28
171_7 |:1_fyk6ﬂ'+677 ( )
For Lo, we notice that the chunk-level divergence ef% =

max; E it [DTV (Tk(s'\s, a)|| 7" (s'|s, &))] of step-level world models 7" and 7" is bounded by
ke, then we apply Lemma[A.3|again and obtain

27 max ’Yk k Kk 7k
L m 29
2—1_,}/ |:1_ k€7r+€7r+1_,yk€ ( )
Finally, combined with the L.; and Lo, we have
~ 2r 2k ek k~*
e ky 1% k < max ™ 2 k m 30
V) - V) < e | 20 ek g M 30)
O

Theorem B.2 (Value Gap, Chunk-level Policy, Chunk-level World Model, Branched Rollout). Given
an offline dataset D and chunk size k € NV, where the policy selects an action sequence @ = a;.41 1
given state s;. Suppose that policy 7% is evaluated via n-chunks branched rollout in the chunk-level
world model T%(s'|s, @). Assume the reward per-step satisfies r(s;, a;) € [0, Fmax], and define the
k-steps total variation divergence between the policies as €& = max, Dy (75 (als) || 7% (als)).
Moreover, assume that the expected total variation divergence of dynamics on the current policy

ko " [DTV (Tk'(s'|s,a)|\Tk(s'|s,a))}. Then
D

branched rollout is defined as ¢;; od
t,sg~

= maxs<, E
the value gap of policy ™" under the true environment and the learned world model is bounded by:

27 max {(7’“)"“ i

V() = (k)| < e T () e neii;”] (31)

S1-5

Proof. We define V (rk, )braneh a5 the value of which executes the 7% under the true dynamics

until the branch point, then executes 7* under the true dynamics for n-chunks. Then we decompose
the value gap as follows:

V(ﬂ‘k) _ f/branch(ﬂ.k)‘ < ‘V(ﬂ'k) _ Vbranch(ﬂ_%?ﬂ_k)‘ + ‘Vbram:h(ﬂ'kb,ﬂ'k> _ Vbranch(ﬂ_k*) (32)

Ly Ly
O]

For L, we notice that this term only suffers from error before the branch begins, and we use
Lemmawith ehpre < €® and set all other errors to 0, then we have

Ll - 2Tmax (,yk’)n—i-l

- Wefr +()er (33)
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For Lo, it incorporates model error under the policy 7* incurred after the branch. Again we use
Lemma with e’fn, set all other errors to 0, we obtain

2 max
Ly < 1T nekn (34)

Adding L and Lo, we have

V(ﬂ'k) _ Vbranch(ﬂ,k)‘ <

2T max (’Yk)nJrl k
ST, 5 ra——

k\n _k k,n
(g e+ (Y")"er + neys (35)

C REAL-WORLD EXPERIMENTS

C.1 HARDWARE SETUP

We evaluate our method on two distinct real-world robotic platforms: the Arx-X5 bimanual robot
(left) and the Galaxy-R1 whole-body robot (right) as shown in figure[7}

ARX-X5 Galaxy R1

Figure 7: An illustration of real-world robots.

Galaxy-R1 System The Galaxy-R1 is a high-dimensional whole-body robot featuring a 21-DoF
kinematic structure, comprising dual 7-DoF arms, a 4-DoF torso, and a 3-DoF mobile base. It is
equipped with a ZED 2i stereo camera (head) and two Intel RealSense D4351 cameras (wrists),
utilizing Galaxea G1 parallel grippers for manipulation. Data collection is performed via the JoyLo
teleoperation system, which integrates 3D-printable links and Dynamixel actuators with Joy-Con
controllers; the control loop operates at 100 Hz, with data synchronized and recorded at 10 Hz.

Arx-X5 System The Arx-X5 is a bimanual platform with a dual-arm configuration totaling 14 DoF.
Its perception suite consists of three Intel RealSense D435i RGB-D cameras providing multi-view
feedback. For data collection, we employ a master-slave teleoperation setup, where two handheld
master arms directly control the robot’s follower arms. The system operates at a control frequency of
15 Hz, which is sufficient for the quasi-static manipulation tasks utilized in our experiments.

Real-world Assets. We present the comprehensive set of physical assets employed in our experi-
ments in Figure[§] The left panel displays the seen objects that were accessible to the robot during
the training phase, while the right panel introduces the unseen objects.

Task Illustration.  As illustrated in Figure[9] our evaluation suite encompasses five distinct tasks
designed to test precision, deformable object manipulation, and whole-body coordination: (a) Plug In:
A high-precision task requiring the robot to align and insert a plug into a power strip socket. (b) Fold
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Seen

L

Figure 8: An illustration of real world assets.

Towel: A long-horizon deformable object task. Conditioned on a language prompt, the robot selects
the correct towel from two options, drags it to the workspace center, performs an initial bimanual
fold by grasping the top corners, executes a second fold by coordinating a left-hand hold with a
right-hand grasp, and finally positions the folded towel. (c) Insert Pen: Requires fine motor skills to
pick up a pen from the table and insert it into a narrow pen holder. (d) Pick Cup: A pick-and-place
task where the robot grasps a cup and precisely deposits it onto a target plate. () Wipe Board: A
whole-body mobile manipulation task requiring the robot to execute a 90° base rotation, navigate
towards a whiteboard, and raise its end-effector to erase specific visual targets.

Data Collection and Policy Evaluation For all tasks, our data collection strategy involves an initial
phase of human-teleoperated expert demonstrations for Supervised Fine-Tuning (SFT), followed by a
mix of expert and autonomous self-collected data for Reinforcement Learning (RL). Evaluation of
each tasks comprises 50 trials divided into 30 seen and 20 unseen socket configurations The specific
protocols for each task are as follows:

* Plug In: The SFT dataset consists of 50 expert trajectories. For RL, we augment this with
50 self-collected on-policy trajectories. The test scenarios are specifically designed to probe
the policy’s spatial generalization capabilities in high-precision alignment scenarios.

* Fold Towel: We collect 60 expert trajectories for SFT, covering 3 distinct towel colors
(20 trajectories each). The RL dataset combines these expert data with 50 self-collected
trajectories. The evaluation protocol tests robustness against background shifts, instruction
variations, and novel towel instances, assessing the model’s fundamental understanding of
deformable object dynamics.

* Insert Pen: The SFT phase utilizes 100 expert trajectories, while the RL phase adds 50
self-collected trajectories. We conduct evaluation focusing on high-dimensional spatial
understanding, specifically examining the policy’s ability to handle object generalization
and severe viewpoint disturbances during fine manipulation.

* Pick Cup: Similar to the pen task, we use 100 expert trajectories for SFT and add 50
self-collected trajectories for RL. The 50 evaluation trials are designed to test visual gen-
eralization under active camera motion, specifically assessing stability when the torso and
mobile base introduce significant viewpoint perturbations.

* Wipe Board: We employ 100 expert trajectories for SFT and supplement this with 50 self-
collected trajectories for RL. The evaluation targets robustness under partial observability
and high compounding errors arising from navigation. It further tests generalization across
stain variations, including color, position, and quantity.
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Figure 9: An illustration of real world tasks. We test VLA-MBPO on bimanual and whole-body
robots.
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D IMPLEMENTATION DETAILS

Causal Attention Mask Implementation Figure [I0]illustrates the design of our unified causal
attention mask, which governs the information flow between multi-modal tokens during training. The
sequence integrates visual observations, action sequences and text instructions. The token sequence
consists of ViT and VAE features. ViT represents high-level semantic features extracted by the vision
encoder to provide semantic grounding, while VAE denotes the compressed latent codes used for
high-fidelity image reconstruction. The sequence is further structured by control tokens such as
”Action Chunk” (representing the robot’s discrete control signals) and task-specific prompts.

(t=0) (t=0)  (t=0) (=t (£=0) (t=t") (t=0) (t=t") (t=0)
VAE VAE VAE VAE VAE ViT VAE VAE VAl _VAE

= 7 =y L~ V = N
‘.‘J Action Chunk i ‘ / ‘ s ‘
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Figure 10: Causal Mask in UMM World Model during training. VAE and ViT denote VAE
features and ViT features, respectively. ¢ is the noise timestep and ¢ = 0 means no noise.

Prompt Engineering To align the model’s generation with specific task requirements, we utilize
structured text prompts for both world model and reward model prediction. The exact prompt
templates are detailed below.

* World Model Prompt. We instruct the model to act as a physical simulator. The input
integrates the history of observations with a discrete action sequence, where the action
sequence is normalized into integer arrays representing joint positions and gripper states for
each timestep (e.g., [111, 113, ...]).
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“You are now acting as a world model that simulates robot manipulation task execution.

Your task is to predict the next frame of visual observation, given the following inputs:
(1) Multiple current observation images from the robot’s cameras (head and wrist); (2)
An action sequence describing the manipulation to execute; (3) Optionally, the next frame
from the head camera (for predicting wrist camera views). You will receive images from
different camera viewpoints and need to predict the next frame according to the provided
action sequence and instruction.”

Following this system instruction, the model receives the action chunk and the specific
generation command, for example: "... Step 9: (124, 34, 127, 133,
241, 129, 0]. Predict next head camera view according to
the current observation and action."

* Reward Model Prompt. For the reward model, we leverage a pre-trained VLM as a success
detector. We enforce a strict binary output format (Yes or No).

“You are a vision-language model with advanced reasoning abilities. Your task is to carefully
observe the image and determine whether the task is successfully completed.
Environment description: You are observing a robot workspace from the LIBERO dataset.
The robot can manipulate objects (pick, place, arrange) in the scene.

Guidelines: Carefully examine the state of objects. Check if the goal state matches the task
description. Consider spatial arrangement.

Response format: Answer with ”Yes.” if the task is successfully completed. Answer with
”No.” if the task is not yet completed or failed. Your response must be either ”Yes.” or ”"No.”
without additional explanation.

Task: Determine whether the task: [Task Description] is successfully completed.”

Hyperparameters. We present the detailed training hyperparameters for the UMM-World and
the downstream policy optimization in Table|3|and Table 4] Respectively. A key advantage of our
framework is its stability and ease of tuning; as evidenced in Table[d] the majority of hyperparameters
remain constant across all task suites. The primary adaptation required is scaling the Sample Size
(and the corresponding Update to data steps) for long horizon tasks.

Parameters Value
Ir 2e—5
Cross entropy weight 0.01
MSE weight 1.0
Max latent size 64
Timestep shift 4
Cfg interval [0.4,1.0]
Text scale 6
Image scale 2

Table 3: Hyperparameters for UMM-World.

E ADDITIONAL RESULTS

E.1 ABLATION STUDY OF ROLLOUT SCHEME

We analyze the impact of different rollout lengths for VLA-MBPO, as shown in Table 5}

E.2 WORLD MODEL GENERATION VISUALIZATION

Visualization Analysis Figure[IT]provides a qualitative comparison between the generated trajecto-
ries of UMM-World and the ground truth. The visualization is organized with the initial observation
in the leftmost column, followed by the predicted sequence spanning 20 steps for simulated tasks and
40 steps for real-world scenarios.

Case Study Figure[12]illustrates UMM-World’s internal coherence through two distinct qualitative
examples spanning two consecutive 20-step chunks. In the left deformable object included task, the
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Libero

Parameters Real-World
Spatial Object Goal Long
Sample size 512 512 512 1280 512
Batch size 512 512 512 512 512
Rollout chunk 2 2 2 2 2
Actor Ir 5e—6 S5e—6 5e—6 He—6 5e—6
Critic Ir le—4 le—4 le—4 1le—4 le—4
Reward discount rate y 0.99 0.99 0.99  0.99 0.99
GAE )\ 0.95 0.95 0.95 0.95 0.95
Clip ratio € 0.1 0.1 0.1 0.1 0.1
Action chunk H 10 10 10 10 10
Denoise steps 3 3 3 3 3
Noise level 0.5 0.5 0.5 0.5 0.5
Update to data 20 20 20 50 20

Table 4: Hyperparameters for RL.

LIBERO Long
Rollouts Scheme Branched Rollout .
Full Horizon
1 2 4
VLA-MBPO 639 668 0629 52.8

Table 5: Results of different rollouts scheme for VLA-MBPO.

Fold Towel

Figure 11: Qualitative comparison of UMM-World prediction against Ground Truth across both
simulated (LIBERO) and real-world tasks.
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=== Ground Truth s UMM-World

Initial Obs Initial Obs

Figure 12: An illustration showing spatial consistency of UMM-World generation.

model exhibits strong geometric consistency. Although the predicted head view diverges from the
ground truth regarding the right hand’s position, the generated wrist view aligns with the predicted
head view rather than the ground truth. This confirms that our interleaved decoding strategy enforces
strict spatial coherence, ensuring the body posture remains consistent across viewpoints. The right
example highlights the model’s adherence to physical laws. While the ground truth shows the robot
erasing the entire word in the first chunk, the model predicts a variation where the letter E’ remains
un-erased. Crucially, both the generated head and wrist views consistently depict this incomplete’
state. This demonstrates that the model maintains a unified physical reality—correctly reflecting the
remaining ink across all sensors—rather than simply memorizing the expert’s outcome.

E.3 FAILURE CASE ANALYSIS

1. Partially Observable. As illustrated in Figure[I3] we analyze UMM-World’s failure cases
from inherent partial observability in embodied control. The left panel demonstrates a failure
during the arm lifting phase in the Wipe Board task. As the manipulator moves out of the
head camera’s field of view, the model fails to render the arm in the predicted head view.
Although the wrist camera provides local visual feedback, the model struggles to infer the
global arm posture solely from these local cues without explicit kinematic history in the
main view, leading to a disappearance of the robot arm in the generated future.The right
panel depicts a failure during the navigation phase involving significant viewpoint changes.
When the robot rotates its base to face the whiteboard, the target object enters the field of
view for the first time. Since this region was never present in the condition observations, the
world model cannot hallucinate the correct geometric structure and texture of the unseen
environment from nothing.

Figure 13: An illustration of failure case caused of partial observability.

2. Large Physical Movements. As shown in Figure[T4] we observe generation failures when
the target sequence involves excessive physical movement or state changes. The left panel
illustrates a Wipe Board sequence characterized by significant end-effector displacement.
Due to the difficulty of modeling such large-scale motion in a single shot, the model
suffers from motion collapse; instead of capturing the extensive trajectory, it conservatively
predicts minimal change, resulting in a generated arm that appears nearly static despite
the actual dynamic motion. Similarly, in the Fold Towel task (right panel), the sequence
encompasses drastic configuration changes inherent to interacting with deformable objects.
The complexity and stochasticity of these large-scale non-rigid transitions prove difficult to
bridge accurately. Consequently, the model succumbs to hallucination, generating physically
implausible towel configurations rather than correctly tracking the substantial deformation
process.
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Figure 14: An illustration of failure cases caused by large prediction horizon.

F COMPUTATIONAL RESOURCES

All experiments were conducted on 8 NVIDIA H100 GPUs. The computational cost for UMM-World
training on the collected dataset requires approximately 7-8 hours. The computational cost for policy
optimization typically completes in approximately 4-6 hours under the standard interaction budget.

G THE USE OF LARGE LANGUAGE MODELS (LLMS)

Large language models (LLMs) were used in the preparation of this manuscript for sentence-level
editing, including improving grammar, clarity, and readability.

H REPRODUCIBILITY STATEMENT

We commiit to ensuring the reproducibility of our research. The source code has been included in
the supplementary materials to support replication and independent verification. A comprehensive
description of the implementation details is provided in Appendix [D}
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