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Abstract

World models predict state transitions in response to actions and are increasingly
developed across diverse modalities. However, standard training objectives such
as maximum likelihood estimation (MLE) often misalign with task-specific goals
of world models, i.e., transition prediction metrics like accuracy or perceptual
quality. In this paper, we present RLVR-World, a unified framework that leverages
reinforcement learning with verifiable rewards (RLVR) to directly optimize world
models for such metrics. Despite formulating world modeling as autoregressive
prediction of tokenized sequences, RLVR-World evaluates metrics of decoded
predictions as verifiable rewards. We demonstrate substantial performance gains
on both language- and video-based world models across domains, including text
games, web navigation, and robot manipulation. Our work indicates that, beyond
recent advances in reasoning language models, RLVR offers a promising post-
training paradigm for enhancing the utility of generative models more broadly.
Code, datasets, models, and video samples are available at the project website:
https://thuml.github.io/RLVR-World.

𝑠 𝑠!𝑎

𝑠!

World Model

Maximum
Likelihood
Estimation (MLE)

𝑠 𝑎 Samples

World Model

Samples Decode 𝑠̂!

𝑠!

Reinforcement
Learning from
Verifiable Rewards
(RLVR)

World Model TrainingPre-train SFT RL

√ Scalable × Surrogate Optimization √ Task-aligned × Compute-heavy

Figure 1: Training world models with reinforcement learning. (Left) As world models adopt
increasingly advanced and scalable architectures, they are typically pre-trained or supervised fine-
tuned using surrogate objectives such as maximum likelihood estimation (MLE), which misalign with
task-specific prediction metrics. (Right) We propose post-training world models via reinforcement
learning with verifiable rewards (RLVR) to directly optimize for these metrics.
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1 Introduction

World models [17, 34], which predict state transitions under action interventions, offer opportunities
for autonomously evaluating and optimizing the behavior policies of intelligent agents [20, 21]. By
scaling world models across various modalities–such as text [65, 8, 15], video [6, 1], and sensory
data [54, 74]–signi�cant progress has been made in a range of applications, including games [7, 30],
robotics [73], and autonomous driving [25, 52].

Effectively scaling world models involves training highly expressive models, e.g., Transformers,
on massive data. This critically depends on differentiable, rich, and stable training signals. In
practice, world models are typically trained using surrogate objectives such as maximum likelihood
estimation (MLE). For instance, language models are trained via next-token prediction, which
supports reasoning through chain-of-thought generation prior to producing �nal answers [67], while
diffusion models optimize a variational lower bound of the log-likelihood [23]. Moreover, non-end-
to-end architectures that incorporate separately trained components like visual tokenizers [11, 51]
enhance training ef�ciency and stability, especially for large-scale models. This paradigm has built
powerful probabilistic world models, as well as many other foundation models [4].

However, the ultimate objectives of world models are beyond capturing complex distributions of
data, but to meet the usage requirements of transition prediction metrics, such as high accuracy or
perceptual quality. Surrogate or non-end-to-end optimizations are often infeasible for, agnostic to, or
even diverge from this. In fact, even with differentiable objectives beyond likelihood, non-end-to-end
architectures like autoregressive models based on discrete tokenizers or diffusion models cannot
directly optimize them. Typical likelihood objectives are not well aligned with the world modeling
task: in language models, likelihood-based objectives have been linked to issues like repetition
and hallucination [24, 35, 29, 64], and training video models with standard mean squared error
is known to produce blurry predictions [43]. Moreover, the widely adopted training paradigm of
teacher-forcing next-step prediction is also unaware of accumulation errors over multi-step horizons.
A promising emerging approach is tuning pre-trained models to directly optimize toward the target
task via reinforcement learning with veri�able rewards (RLVR) [33, 16], which replaces the learned
reward model in reinforcement learning from human feedback (RLHF) [48] with a faithful, rule-based
reward function. Using this approach, the language model community is now producing impressive
advances in tackling complex math reasoning and code generation problems.

In this work, we explore the RLVR paradigm for training world models, referred to asRLVR-World.
We �rst propose to unify world modeling across diverse modalities into a general autoregressive
generation framework. Concretely, current states and actions are encoded as a sequence of question
tokens using modality-speci�c tokenization schemes, while next states are encoded as response tokens,
mirroring the language model formulation. Within this uni�ed framework, we then comprehensively
investigate RLVR for world models on two representative modalities:

• Language world models: Beyond the success of large language models (LLMs) in math and code
domains, we introduce theworld modelingtask as a new testbed for RLVR in LLMs. This task,
predicting the transition of verbal world states, naturally lends itself to using prediction accuracy as
a veri�able reward. Our experiments show that RLVR can effectively �ne-tune LLMs as language
world models, yielding signi�cant improvements, including+ 30:7% accuracy on text-based game
state prediction [65] and+ 15:1% F1 score on web page state prediction [8].

• Video world models: We pioneer the RLVR �ne-tuning of autoregressive video world models
[69] by directly measuring and optimizing perceptual metrics of decoded predicted frames against
ground-truth observations. Notably, our method achieves substantial gains, e.g.,+ 9:2% relative
improvement on LPIPS [78], on robot manipulation trajectory prediction [5], with merely a few
hundred RLVR gradient steps, in contrast to the hundreds of thousands required by MLE training to
achieve. It also yields state-of-the-art performance compared with advanced world models [79, 31].
We further prove the effectiveness of RLVR in bridging the gap between pre-trained models and
the target world modeling task by showing that it mitigates the repetition issue, a phenomenon
commonly seen in LLMs [35] and also observed in our pre-trained video world model.

Finally, we demonstrate the utility of reinforced world models in downstream applications, including
policy evaluation [37] and model-predictive control [8]. We hope our method, experiments, and
analysis will inspire future research to apply RLVR as a general post-training paradigm to signi�cantly
boost the usefulness of world models, and more broadly, generative models.
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2 Related Work

World models. Learning accurate world models to predict environment state transitions in response
to actions is fundamental to model-based planning and reinforcement learning [60]. Due to the
inherent complexity and uncertainty of real-world environments, world models are more commonly
implemented as generative models of next states conditioned on current states and actions [10,
17], rather than as deterministic models [53, 21]. For visual observations, sequential variational
autoencoders have been widely adopted [28, 19, 18, 68], while recent advances have seen the
emergence of diffusion-based world models [73, 2, 7], which offer superior visual �delity. Another
important line of work formulates world models autoregressively by discretizing visual inputs into
sequences of tokens [45, 25, 69, 1]. This approach naturally extends to modeling additional modalities
through uni�ed token-based state representations. For example, previous work explores language-
based state representation [65], which has been applied for building world models of the Internet
in web agents [8, 15]. Similarly, trajectories of proprioceptive sensors and actuators can also be
quantized into token sequences [54, 74]. Motivated by the prospect of building multimodal world
models [32, 39] and the potential to leverage the large language model (LLM) ecosystem, our work
explores the RLVR paradigm for training world models under the uni�ed autoregressive formulation.

RL for generative models. Reinforcement learning has emerged as a critical paradigm for post-
training generative models to better align with human preferences or task-speci�c objectives. In
language models, InstructGPT [48] employs reinforcement learning from human feedback (RLHF)
to enhance harmlessness, helpfulness, and honesty. However, RLHF is susceptible to reward model
overoptimization [14]. In contrast, DeepSeek-R1 [56, 16] adopts reinforcement learning with
veri�able rewards (RLVR), achieving signi�cant advances in math, code, and logical reasoning
domains. For visual generative models, text-to-image diffusion models have also been �ne-tuned
via reinforcement learning [3, 12] to optimize measurable metrics (e.g., compressibility) or human
evaluations [70]. Our work identi�es world modeling as an underexplored yet natural �t for RLVR,
where prediction accuracy serves as a task-aligned, veri�able reward, enabling direct optimization of
generative models across various modalities as world models.

3 Preliminaries

This section provides a brief background on visual tokenization for unifying visual and verbal state
representations, along with the reinforcement learning algorithm used in our work.

Visual tokenization. Given an imagex 2 RH � W � 3, the encoder of a discrete visual tokenizer [63]
mapsx to its latent representationh 2 Rh� w � d. This latent is then quantized by performing a nearest
neighbors lookup in a codebook of embeddingsC = f ei gK

i =1 , yielding a discrete representation
z 2 [K ]h� w , which is passed through a decoder to reconstruct the original imagex. The token map
z can be �attened into a 1D sequence of lengthh � w and subsequently modeled by autoregressive
models such as decoder-only Transformers [11]. For videos inRT � H � W � 3, a straightforward
approach is to tokenize each frame independently using an image tokenizer [45, 7, 39]. However, this
leads to excessively long token sequences. To mitigate this, Wuet al. [69] propose a compressive
tokenization method that exploits temporal redundancy in videos by tokenizing each frame into a
reduced number ofn tokenszt 2 [K 1]n , conditioned on sharedN context tokenszc 2 [K 2]N .

Group relative policy optimization (GRPO) [56] is originally developed for post-training LLMs
with reinforcement learning. Compared to PPO [55], GRPO eliminates the need for a value function
and estimates advantages in a group-relative manner. Speci�cally, given a questionq, GRPO samples
a group of responsesf oi gG

i =1 from the behavior policyp� old, and computes the advantage of each

response by normalizing its rewardRi within the group:Â i;t = R i � mean( f R i gG
i =1 )

std( f R i gG
i =1 ) :

Similar to PPO, GRPO uses a clipped objective with a KL divergence penalty:
J GRPO(� ) = Eq�D ;f oi gG

i =1 � p� old ( �j q)
"
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wherepi;t

� denotesp� (oi;t j q; oi;<t ) for simpilicity. Refer to Shaoet al. [56] for more details.
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Figure 2:Illustration of RLVR-World framework. World models across various modalities are
uni�ed under a sequence modeling formulation, and task-speci�c prediction metrics serve as veri�able
rewards. (Top) Language-based world models predict verbal state transitions in response to verbal
actions. (Bottom) Video-based world models, equipped with a visual tokenizer, predict future visual
observations conditioned on action vectors.

4 RLVR-World: Training World Models with RLVR

As illustrated in Figure 2, this section introduces RLVR-World, a uni�ed framework for training
world models across various modalities by reinforcement learning with veri�able rewards.

4.1 Problem Formulation

Environments simulated by world models are typically formulated as a Markov decision process
(MDP) M = ( S; A ; p; r; 
 ). Depending on the target task, the state spaceS can �exibly include
various modalities, such as verbal, visual, or proprioceptive signals. At each timestep, the agent
observes a statest 2 S, takes an actionat 2 A , then transits to a new state according to the
distributionp(st +1 j st ; at ), and receives an immediate rewardr t � r (st ; at ). More generally, the
states can be partially observable and the transitions can be modeled as ak-order Markov process
p(st +1 j st � k+1: t ; at � k+1: t ) 1. World models need to learn to approximate the state transitionp and
the reward functionr accurately. Since rewards can be considered as an extended dimension of the
state space [10], our focus is on modeling the transition distributionp(st +1 j st � k+1: t ; at � k+1: t ).

4.2 World Models as Sequence Modeling

While different architectures have been proposed for world models on top of different modalities,
next-token prediction by decoder-only Transformers has emerged as a general-purpose formulation
applicable to tasks across various modalities. We unify world models into this general sequence mod-
eling framework. To transform states and actions into tokens, different modalities have unique, com-
monly used tokenization schemes: languages are processed by standard text tokenization techniques
like BPE [13]; images and videos are encoded by learned visual tokenizers; and low-dimensional
continuous values, e.g., proprioceptive signals, can be quantized to uniform bins over a �xed range.

Then, analogous to language models, we use manually designed templates to construct input token
sequencesq(s; a) as "questions" and output sequenceso(s0) as "responses". For simplicity and
clarity, here we take the �rst-order Markov casep(s0 j s; a) as an example, but the sequence modeling
formulation can naturally extend to higher-order cases.

1While partialobservationsare commonly denotedot in classical RL literature, we keep usingst to avoid
confusion with the generated outputsf oi gG

i =1 in our RLVR context.
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We assume an existing world model pre-trained via maximum likelihood estimation (MLE):

J MLE(� ) = log p� (o(s0) j q(s; a)) =
j o(s0) jX

t =1

logp� (ot (s0) j q(s; a); o<t (s0)) : (2)

4.3 Prediction Metrics as Veri�able Rewards

We then post-train the world model using RLVR to directly optimize veri�able metrics for state
transition prediction. Speci�cally, given an inputq(s; a), the pre-trained model generates a group
of samplesf oi gG

i =1 , from which the predicted next statesŝ0
i are extracted using modality-speci�c

decoding schemes, such as a rule-based extractor for language and a visual decoder for videos. The
reward is computed by comparing each prediction in the group to the ground-truth next states0:

Ri = sign( D) � D (ŝ0
i ; s0); (3)

wheresign(D) = � 1 if lower values of the metricD indicate better predictions (e.g., mean squared
error or perceptual loss for visual observations), andsign(D) = 1 otherwise. Using this task-oriented
reward, we can �ne-tune the world model according to the RL objective in Eq. (1).

Remarks. (1) Instead of solving the original environment MDP in Section 4.1, we focus on learning
its transition distribution by formulating the next-state prediction process as another MDP, optimized
using RLVR. (2) RLVR-World is a general framework, where input/output sequences and reward
functions can be domain-speci�cally designed. We describe them in the experimental sections. (3)
Our framework is compatible with various RL algorithms [55, 75], not limited to GRPO.

5 Evaluating Language World Models with RLVR

In the following sections, we evaluate the effectiveness of our framework for training world models
across different modalities, particularly language (Section 5) and video (Section 6), using RLVR.
Inspired by the success in domains like math and code generation, we begin by evaluating our
framework on world modeling as a new veri�able task for LLMs, focusing on two domains: text games
(Section 5.1) and web navigation (Section 5.2). Experimental details can be found in Appendix A.

5.1 Text Game State Prediction

Dataset and task. We use ByteSized32-State-Prediction [65], a dataset of text game state transitions
for evaluating how well LLMs can serve as text-based world simulators. The dataset contains 76,369
transitions from 31 distinct text games, with 2954 high-quality transitions selected for testing. In this
task, an LLM models the world simulator functionF : C � S � A ! S � R � T , whereCrepresents
natural language contexts describing the task and action semantics,S is the state space encoded as
JSON objects,A is the action space,R is the task reward, andT = f 0; 1g indicates task completion.

World model. We use DeepSeek-R1-Distill-Qwen-1.5B and 7B [16, 72] as our base model. Due
to their limited capability, we �rst apply supervised �ne-tuning (SFT) using responses generated
by DeepSeek-R1 [16], and then �ne-tune with RLVR using either a binary accuracy rewardR =
I (( ŝ0; r̂; ŵ) = ( s; r; w)) , or a task-speci�c one to re�ect the problem structure (see Appendix A.1).

Results. The results are shown in Table 1. Since predicting state transitions is inherently more
dif�cult when action changes the state, all models perform signi�cantly better onunchangedcases.
For the 1.5B base model, our RLVR-World with a minimalist binary reward can substantially improve
performance over SFT, achieving +34.7% accuracy forunchangedand +8.9% forchangedcases.
Incorporating human knowledge through a tailored reward yields even larger gains (+44.8% for
unchanged, +9.6% forchanged). When scaled to the 7B base model, our method achieves overall
performance surpassing that of GPT-4, although the accuracy onchangedcases still falls short due to
the limited base model's capacity.

5.2 Web Page State Prediction

Dataset and task. We further evaluate our approach on more realistic web navigation scenarios,
using a web page state transition dataset collected by WMA [8] from the WebArena benchmark [80].

5



Table 1:Language world model: text game state prediction.The test set is divided intounchanged
andchangedsubsets, depending on whether the ground-truth next state differs from the current state.

Model Accuracy
Unchanged Changed Overall

Base(R1-Distill-Qwen-1.5B) 11.98% 0.08% 7.11%
SFT 38.88% 24.21% 32.87%
RLVR-World (Ours, binary) 73.57% 33.14% 57.01%
RLVR-World (Ours, task-speci�c) 83.66% 33.80% 63.24%

Base(R1-Distill-Qwen-7B) 46.90% 5.53% 29.92%
SFT 65.94% 31.32% 51.76%
RLVR-World (Ours, binary) 83.08% 40.33% 65.53%

GPT-4 [65] 73.90% 51.60% 64.76%

Table 2:Language world model: web page state prediction and model predictive control for
web agents.� : relative performance gains from RLVR.

Model Web Page State Prediction Web Agent
Precision Recall F1 Success Rate

Base(R1-Dist.-Qwen-1.5B) 15.59% 15.70% 11.83% n/a
SFT 48.99% 56.05% 49.94% 12.06%
RLVR-World (Ours) 72.77% 64.55% 65.11% 14.29%

� +48.5% +15.1% +30.3% +18.4%

For training and testing, we select a 7K-sample subset consisting of shorter-length samples to avoid
out-of-memory issues during training. In this task, a website's state is represented by its accessibility
tree, which is simpli�ed from its Document Object Model (DOM) tree, and an LLM is used to predict
state transitions after user actions such as clicking. Item changes in the accessibility tree caused by
actions are extracted using the Hungarian algorithm, enabling the model to predict these changes
directly. Unlike WMA, which generates natural language descriptions of state changes, this design
choice facilitates clear veri�cation during the RLVR stage.

World model. Following the previous setup, we adopt DeepSeek-R1-Distill-Qwen-1.5B as our base
model. We �rst perform supervised �ne-tuning (SFT) using chain-of-thought (CoT) data provided
by WMA [8]. Subsequently, we apply RLVR, using the F1 score between predicted item changes
�^s and ground truth� s as the reward function:R = F1(�^ s; � s). The F1 score, de�ned as the
harmonic mean of precision and recall, is computed by treating precision as the proportion of correctly
predicted item changes among all generated ones, and recall as the proportion of correct predictions
relative to the ground-truth item changes. An item change is considered correct only if it exactly
matches the corresponding ground truth.

Results. As shown in Table 2, the world model of the Internet can also be enhanced substantially
by RLVR2, leading to the �rst key �nding of our experiments:

Finding on language world models:Beyond its success in math and coding, RLVR can also
improve LLMs' performance on world modeling tasks involving verbal state transitions.

5.3 Application: Model Predictive Control for Web Agents

Lastly, we show that the reinforced language world models enable more powerful web agents.

Setup. Following WMA [8], we build web agents for the WebArena benchmark [80], composed of
three components: a policy model, a world model, and a value model. The model predictive control
pipeline proceeds as follows: the policy model �rst proposes multiple candidate actions; the world

2Due to our novel setup for predicting precise item changes instead of natural language descriptions, direct
comparison with established methods like WMA is not feasible. We therefore compare only to our base models.
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Table 3:Video world model: robot manipulation trajectory prediction on RT-1. We report the
mean and standard deviation for each metric calculated over three sampling runs. MSE, LPIPS, and
SSIM scores are scaled by 100 for better readability.� : relative performance gains from RLVR.

Task Model Repetition Rate# MSE# PSNR" SSIM" LPIPS#

Single-step
Prediction

Base n/a 0.336� 0.002 25.3� 0.03 81.7� 0.07 13.0� 0.04

RLVR-World (Ours) n/a 0.287� 0.001 25.9� 0.01 83.1� 0.00 12.2� 0.01

� n/a +14.3% +2.6% +1.6% +6.0%

Multi-step
Prediction

Base 48.6% 0.659� 0.006 23.1� 0.01 80.9� 0.03 14.8� 0.02

Base(w/ repetition rejection) 0.0% 0.593� 0.002 23.3� 0.01 81.0� 0.02 14.4� 0.01

RLVR-World (Ours) 9.9% 0.486� 0.003 24.1� 0.02 82.4� 0.02 13.4� 0.02

� +79.6% +26.1% +4.5% +1.9% +9.2%

RLVR-World (w/ rep. penalty reward)0.0% 0.506� 0.002 24.0� 0.02 82.2� 0.01 13.7� 0.02

Figure 3:Learning curves of video world models on RT-1.Note the signi�cant difference in the
x-axis scale between the pre-training and post-training stages.

model then predicts the outcomes of these actions; �nally, the value model scores each predicted
outcome based on the task goal. The action with the highest score is selected for execution. For both
the policy and value models, we use DeepSeek-V3 [38], while the world model is taken from our
trained models in the previous section. Additional details are provided in Appendix A.3.

Results. In Table 2, we compare web agents on top of SFT- and RLVR-trained world models and
observe signi�cant improvements. We expect that further gains can be achieved by incorporating
stronger policy and value models and extending maximum context length during world model training.

6 Evaluating Video World Models with RLVR

We then take a pioneering step in evaluating RLVR to train autoregressive video world models,
offering analyses and insights into broader generative models beyond the scope of reasoning models.

6.1 Setup

Dataset and task. We primarily use the RT-1 robotic manipulation dataset [5] for our experiments,
which contains 87,212 tabletop teleoperation trajectories collected from a Google Robot, with 1%
left for testing. Each frame of visual observation has a resolution of256� 320, and the action
space consists of 13 dimensions, including arm and base movement. To compare with state-of-
the-art models, we also include tabletop pushing (PushT) [9] and deformable object manipulation
(Rope and Granular) [77] datasets from DINO-WM [79]. We evaluate world models on two task
settings: (1)Single-step prediction, formulated asp(st +1 j st � T +1: t ; at � T +1: t ): predicting the next
observation given the pastT-step observations and actions; (2)Multi-step prediction, formulated
asp(st +1: t + T j st ; at :t + T � 1) =

Q t + T
i = t +1 p(si j st :i � 1; at :i � 1): predicting nextT-step observation

conditioed on the current observation and future action sequence. Predictions are assessed against
ground-truth observations using frame-level metrics: MSE, PSNR [27], SSIM [66], and LPIPS [78].
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Table 4:Video world model: comparisons with state-of-the-art on PushT, Rope, and Granular.
We follow the single-step prediction setting and include the baseline results reported in DINO-WM
[79]. In addition, we report our reproduced evaluation results using the public DINO-WM checkpoint
on PushT. LPIPS and SSIM scores are scaled by 100.

PushT Rope Granular

Model LPIPS# SSIM" LPIPS# SSIM" LPIPS# SSIM"

Recurrent latent space models

R3M [46, 79] 4.5 95.6 2.3 98.2 8.0 91.7
ResNet [22, 79] 6.3 95.0 2.5 98.0 8.0 91.5
DINO CLS [47, 79] 3.9 97.3 2.9 98.0 8.6 91.2
DINO-WM (Reported)[79] 0.7 98.5 0.9 98.5 3.5 94.0
DINO-WM (Public checkpoint)[79] 3.39 96.38 - - - -

Diffusion models

AVDC [31] 4.6 95.9 6.0 97.9 10.6 90.9

Autoregressive models

Base(Ours) 0.83 98.28 3.03 97.86 3.14 94.79
RLVR-World (Ours) 0.70 98.46 2.08 98.14 2.42 95.42

World model. Since no off-the-shelf general-purpose video world models are available, we pre-
train variants of iVideoGPT [69] on target datasets as base models by ourselves. For each trajectory
segment, observations and actions are tokenized and concatenated into a uni�ed token sequence.
We train an image tokenizer to independently tokenize video frames for single-step prediction, but
train a compressive tokenizer from iVideoGPT to mitigate sequence length explosion for multi-step
prediction. Each action dimension is discretized into 256 uniform bins, determined based on its
value range across the entire dataset. During RLVR �ne-tuning, we de�ne the reward function
as the sum of L1 and perceptual loss between decoded predicted and ground-truth frames:R =
�

P t + T
� = t +1 [L 1(ŝ� ; s� ) + LPIPS( ŝ� ; s� )], commonly used in visual tokenizer training [11]. See

implementation details in Appendix A.4.

6.2 Main Results

As shown in Table 3, RLVR-World signi�cantly improves the base model across all visual metrics on
RT-1, demonstrating more accurate and perceptually better video predictions, showcased in Figure 6.
We highlight that these gains are achieved with only hundreds of RLVR gradient steps, compared to
hundreds of thousands required for MLE pre-training (see the training curves in Figure 3). Even after
continuing pre-training for multi-step prediction with 150k additional steps–nearly 1000� more than
RLVR �ne-tuning–the resulting LPIPS score remains at 14.5, still substantially lagging behind.

Comparison with state-of-the-art. We then compare our models against advanced world models,
including all recurrent latent state models introduced by DINO-WM [79], which use different latent
spaces from pre-trained encoders such as R3M, ResNet, and DINOv2, and an action-conditioned
diffusion model, AVDC [31]. As shown in Table 4, after RLVR, our model achieves overall perfor-
mance comparable to the strongest baseline, DINO-WM, and surpasses it by a signi�cant margin on
the most challenging particle-based dataset, Granular. Additional model predictive control results on
PushT are provided in Appendix A.4.2.

6.3 Model Analysis

Mitigating repetition. Prior studies [35] have identi�ed the likelihood objective as a primary cause
of repetition in LLM generation. We observe a similar phenomenon in multi-step video prediction, as
showcased in Figure 6. This likely stems from the fact that approximately 20% of tokens in each
frame remain unchanged from the previous frame, encouraging the model to exploit this shortcut. By
directly optimizing video-level prediction metrics rather than next-token likelihood, RLVR effectively
mitigates this issue, reducing the repetition rate from 48.6% to 9.9%. To ensure our improvements are
not merely due to reducing repetition, in Table 3, we include an additional baseline that repeatedly
queries the base model for predictions until a non-repetitive output is sampled.
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Figure 4:Model analysis on RT-1.(a) Test-time scaling: best performance among different numbers
of generated samples. (b) RL training scaling: learning curves using different group sizes in GRPO.
(c) Metric-oriented optimization: RLVR-World trained and tested on different visual metrics.

Metric-oriented optimization. To further demonstrate the effect of direct metric optimization,
we post-train �ve variants of the base model using �ve different metrics as reward functions: MAE,
MSE, PSNR, SSIM, and LPIPS. As shown in Figure 4, models �ne-tuned with a speci�c metric
generally achieve the best performance when evaluated on that same metric. Additionally, to show
the effectiveness of our method for non-differentiable rewards and achieve zero repetition rate, we
introduce an additional repetition penalty reward, de�ned as the negative rate of consecutive identical
frames. In Table 3, after training the model with this extended reward, we observe that it maintains
comparable prediction performance while effectively eliminating repetition artifacts.

Test-time scaling. We evaluate the test-time scaling behavior of our base and RLVR-trained models
by reporting the best metric achieved acrossN samples [42] in Figure 4. RLVR-World improves one-
shot performance, even outperforming the base model's best-of-5 results. This is particularly valuable
in practical scenarios where generating large numbers of samples is computationally expensive and
ground-truth comparisons are unavailable. However, asN increases to 100, the base model catches
up and eventually surpasses RLVR-trained models, echoing �ndings from Yueet al. [76]. This
suggests limitations of current RLVR methods and ample opportunities for future research.

RL training scaling. While generating more samples at test time is expensive, Figure 4 shows that
it is essential for training. Speci�cally, increasing the group size in GRPO improves both convergence
speed and �nal performance by enhancing sample diversity and expanding the exploration space.

Finding on video world models:RLVR bridges the gap between pre-training objectives and
visual prediction metrics, leading to more accurate predictions, improved training ef�ciency,
and reduced artifacts such as repetition.

6.4 Application: Real2Sim Policy Evaluation

Figure 5:Real2Sim policy evaluation.

We �nally show that our models can
serve as real-world simulators for im-
proved policy evaluation.

Setup. Following SIMPLER [37],
we evaluate four policy checkpoints
from RT-1 [5] and RT-1-X [49] on
six tasks involving opening and clos-
ing top, middle, and bottom drawers.
Starting from a real-world observation
frame, policies can interact with video
world models to roll out neural simu-
lated trajectories, allowing for policy evaluation without real-world deployment. Since our preliminary
attempts on VLM-based automatic evaluation [61] fail to provide reliable judgments, we rely on
human annotators to assess the success of simulated trajectories. Besides our base model, we compare
against the simulators developed in SIMPLER. Experimental details can be found in Appendix A.5.

Results. As shown in Figure 5, compared to handcrafted SIMPLER simulators, video world models
yield smaller discrepancies between real and simulated success rates, suggesting world models as a
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Figure 6:Qualitative analysis: multi-step video prediction and policy evaluation on RT-1.

scalable approach to bridging the sim-to-real gap. Among the video world models, RLVR-World
further improves upon the base model, achieving more accurate policy evaluation.

Finding on model-based applications:RLVR-trained world models can improve downstream
tasks, including policy evaluation and model predictive control.

7 Discussion and Limitations

In this work, we pioneer RLVR for training world models across language and video modalities, with
practical applications in web navigation and robotic manipulation. We believe RLVR has the potential
to become a general post-training paradigm for generative models. To this end, several challenges
remain for future exploration.From the algorithmic perspective: (1) Breaking performance
barriers: Although RLVR yields signi�cant gains, training typically converges within hundreds of
steps. Unlocking continual improvements calls for deeper analysis of bottlenecks in models, data, and
algorithms; (2)Out-of-distribution (OOD) generalization: Inspired by RLVR's success in enabling
LLMs to generalize beyond training domains [57], it is important to study whether similar bene�ts
extend to world models, particularly for counterfactual reasoning on OOD actions in sequential
decision-making.For developing foundation world models: (1) Post-training general-purpose
world models: Our current video world models adopt a two-stage training process on the same dataset.
We believe that the full potential of RLVR will be further unlocked once the community develops
general-purpose video world models [1, 36]. This would enable the complete paradigm of supervised
pre-training on diverse domains! supervised �ne-tuning! reinforcement �ne-tuning, which has
already proven effective in our language world model experiments. (2)Broader application across
model classes: While the core insight behind RLVR-World is model-agnostic, GRPO algorithms for
diffusion models [71, 40] are concurrently developed and thus fall outside the scope of our current
study. (3)Task-aligned rewards: While classical visual metrics align better with the world modeling
task than MLE, they still fail to fully capture user-intended qualities. Incorporating constraints such
as physical rules and temporal consistency will require more sophisticated reward designs.
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