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Abstract. Action-conditioned robot world models generate future video
frames of the manipulated scene given a robot action sequence, o!ering
a promising alternative for simulating tasks that are di"cult to model
with traditional physics engines. However, these models are optimized for
short-term prediction and break down when deployed autoregressively:
each predicted clip feeds back as context for the next, causing errors to
compound and visual quality to rapidly degrade. We address this through
the following contributions. First, we introduce a reinforcement learning
(RL) post-training scheme that trains the world model on its own au-
toregressive rollouts rather than on ground-truth histories. We achieve
this by adapting a recent contrastive RL objective for di!usion models
to our setting and show that its convergence guarantees carry over ex-
actly. Second, we design a training protocol that generates and compares
multiple candidate variable-length futures from the same rollout state,
reinforcing higher-fidelity predictions over lower-fidelity ones. Third, we
develop e"cient, multi-view visual fidelity rewards that combine com-
plementary perceptual metrics across camera views and are aggregated
at the clip level for dense, low-variance training signal. Fourth, we show
that our approach establishes a new state-of-the-art for rollout fidelity
on the DROID dataset, outperforming the strongest baseline on all met-
rics (e.g., LPIPS reduced by 14% on external cameras, SSIM improved
by 9.1% on the wrist camera), winning 98% of paired comparisons, and
achieving an 80% preference rate in a blind human study.

Keywords: World Models · Reinforcement Learning · Robotics

1 Introduction

Action-conditioned video di!usion world models (WM) represent a transfor-
mative frontier for robot learning, o!ering the potential to simulate complex,
human-centric tasks that are notoriously di"cult to model with traditional
physics-based engines. Recent work [9] has demonstrated that finetuning pre-
trained video di!usion backbones with action conditioning on large-scale robotics
datasets [22] can yield world models that generate impressively faithful clips that
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Ground Truth Video Baseline Ours

Fig. 1: Autoregressive video rollout quality. We use an action-conditioned robot
world model to generate multi-view image predictions from a single observed state. The
ground-truth (blue) is compared against the baseline (red) and our post-trained model
PersistWorld (green). While the baseline accumulates error and destroys the object
(cyan bowl) within seconds, our method maintains structural integrity and spatial
consistency, establishing a new state-of-the-art in rollout fidelity.

are consistent with the robot’s actions. By synthesizing high-fidelity visual roll-
outs conditioned on robot actions, these models can serve as scalable virtual
environments for benchmarking and improving Vision-Language-Action (VLA)
policies.

However, realizing this potential requires generating long-horizon autoregres-
sive rollouts — multiple seconds of coherent video — where each predicted clip
feeds back as context for the next. This is precisely where current models break
down. This phenomenon, known as exposure bias [31], arises from a train/test
distribution mismatch, i.e., the model is trained to predict from ground-truth
history frames, but at deployment it must condition on its own previously gen-
erated outputs, which carry growing imperfections. The consequences are rapid
and severe. Within seconds of autoregressive generation, manipulated objects
lose their structural identity — a bowl dissolves into an amorphous blob (see
Fig. 1) — robot end-e!ectors drift from their commanded trajectories, and en-
tire scene configurations decohere (see Fig. 3).

Reinforcement learning (RL) o!ers a natural framework for addressing this
problem: by computing a training signal directly on the model’s own autore-
gressive rollouts, it incentivizes consistent long-horizon generation rather than
single-step accuracy. However, applying RL to di!usion models is challenging
— standard policy-gradient methods require likelihoods that di!usion models
do not provide, and backpropagating through the full denoising process is pro-
hibitively expensive. Recent work [42] o!ers an elegant workaround by generating
multiple candidate outputs, scoring them with a reward, and using the compari-
son to update the model — avoiding backpropagation through denoising entirely.
However, this approach was developed for single-image generation and does not
directly apply to our setting for two reasons. First, our robot world model uses
a di!erent type of denoising network, which means the theoretical guarantees
need to be re-derived. Second, in image generation, the model can simply draw
multiple independent samples from the same text prompt and compare them.
In autoregressive video, there is no fixed prompt — each generation step builds
on the previous output, creating an evolving shared state. This means we need
a new mechanism for producing comparable candidates that can be meaning-
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fully ranked against each other. We address these challenges via the following
contributions:

1. RL post-training for robot world models. We introduce a post-training
scheme that optimizes the world model directly on its own autoregressive
rollouts rather than on ground-truth histories. We adapt a recent contrastive
RL method for di!usion models [42] to our setting, where the denoising
network directly predicts clean frames rather than intermediate noise, and
show that convergence guarantees carry over exactly (Sec. 3.2).

2. A training protocol for autoregressive robot world models. Au-
toregressive robot world model has no fixed prompt from which multiple
candidates can be drawn and compared. We observe that the model’s accu-
mulated history at any rollout step serves as a natural shared context from
which multiple candidate continuations can be independently generated and
ranked. By randomly sampling how deep into the rollout we branch these
candidates, we expose training to both mild early-stage and severe late-stage
error regimes (Sec. 3.3).

3. Multi-view visual rewards and task-relevant evaluation. We design
clip-level rewards that combine complementary perceptual metrics across all
three camera views, normalized so that the training signal reflects relative
quality within each group of candidates. We further introduce object-centric
and robot-centric masked evaluations that confirm our improvements come
from better modeling of task-relevant dynamics rather than background
preservation (Sec. 3.4 and Sec. 4).

4. State-of-the-art rollout quality. Our post-trained model sets a new state-
of-the-art on the DROID dataset [22] across all visual quality metrics, with
the largest improvements on the wrist camera—the view most critical for
capturing fine-grained object manipulation. In paired comparisons, our model
outperforms the baseline on approximately 98% of validation samples. A
blind human preference study confirms these gains, with raters favoring our
rollouts 80% of the time (Sec. 4).

2 Related work

Video Di!usion Models. Di!usion models have emerged as a dominant paradigm
for high-fidelity visual generation and have been successfully extended from im-
ages to videos by modeling space-time volumes with denoising objectives [14,
15,34]. Latent video di!usion approaches adapt image di!usion backbones with
temporal modules, enabling strong image-to-video and text-to-video generation
while encoding rich visual priors about object motion, lighting, and physical
plausibility [4]. While these models produce impressive open-loop clips, long-
horizon generation via autoregressive stitching of short segments causes errors in
early frames to compound as the model conditions on its own imperfect outputs,
leading to temporal drift and degradation. Our setting inherits this challenge in
an action-conditioned, multi-view robotics regime.
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Robotic World Models and Video-Based Planning. World models have a
long history in model-based RL as learned dynamics models enabling planning
through imagined rollouts [10–13]. Several works frame robot planning and evalu-
ation directly as video generation [3,6,17,23], and IRASim [44] demonstrates that
a trajectory-conditioned di!usion world model can serve as a policy evaluation.
Large pre-trained video di!usion backbones have been adapted into controllable
robot world models via action conditioning: Ctrl-World [9] and WPE [30], both
trained on DROID [22], generate multi-view manipulation trajectories and can
rank downstream policy performance; AVID [33] adapts pretrained video dif-
fusion via a learned mask adapter without parameter access; and UWM [43]
jointly models video and action di!usion. None of these directly address the
training-inference mismatch under self-conditioned rollout.

Post-Training Di!usion Models. Aligning di!usion models to downstream
objectives has been studied through RL and preference optimization [2, 24, 29,
35,39]. Di!usionNFT [42] proposes a negative-aware fine-tuning objective on the
forward di!usion process, enabling e"cient online RL updates without back-
propagating through the denoising trajectory. DPPO [32] applies RL fine-tuning
to di!usion-based robot action policies; our work instead post-trains the world
model itself. RLVR-World [38] applies RL with verifiable rewards to improve
world model transition quality, further evidencing that RL objectives outper-
form MLE for rollout fidelity. However, they work with token based models,
whereas we work on improving video di!usion models. Contemporary to our
work, [36] applies contrastive RL post-training [42] to a camera-pose-conditioned
world model, targeting improvements in camera pose following and visual fi-
delity—including a prefix rollout strategy in which the model’s own outputs serve
as context for subsequent clip generation. Our work shares this core motivation
and training paradigm, but di!ers in several respects. We adopt a randomized
prefix horizon during post-training rather than a fixed schedule, which we find
better captures the distribution of compounding errors at test time. Our set-
ting targets dynamic manipulation scenes in a multi-view robotic world model
and we introduce a novel adaptation of the contrastive RL objective to the x0-
prediction parameterization used by some robot WMs. We further design visual
rewards that are e"cient and scalable for the multi-view robot manipulation set-
up. We find that compared to the HPSv3 [26] reward that is used by [36], our
rewards result in much better performance. Finally, we additionally validate our
approach through quantitative evaluation on robot-centric metrics and a human
preference study.

Exposure Bias and the Rollout Gap. The mismatch between teacher-forced
training and self-conditioned inference is a longstanding problem in sequence
generation [1, 31], and has been studied specifically for di!usion models [27]. In
video generation the e!ect is amplified: small per-frame errors accumulate over
long rollouts, degrading coherence and limiting world model utility for evaluation
and simulation. We address this rollout gap with RL post-training that directly
exposes the model to its own generated histories during training.
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Fig. 2: Overview of our method: (Top) Autoregressive inference: A robot pol-
icy generates actions fed to the world model, which produces multi-view frames that
are appended to the history bu!er and condition the next generation step. (Bottom)
RL post-training: (S1) A shared variable-length prefix is rolled out autoregressively
from a ground-truth initial condition. (S2) K independent candidate continuations
are branched from the frozen prefix state. (S3) Candidates are scored against ground-
truth using multi-view perceptual rewards. (S4) Reward weights r scale implicit posi-
tive/negative x0 predictions used in contrastive model updates via loss L.

Large-Scale Robot Datasets. Large-scale robot datasets enable both train-
ing data-hungry video world models and the held-out ground-truth trajectories
our reward computation relies on. DROID [22] provides diverse multi-camera
manipulation demonstrations, and Open X-Embodiment [28] aggregates demon-
strations across many embodiments and institutions—making dataset-driven re-
ward evaluation feasible without human preference labels.

3 Improving Robot World Models with Reinforcement
Learning

Action-conditioned video di!usion world models are trained to predict the next
chunk of video frames given a clean, ground-truth history — a setup that works
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well in isolation, but breaks down the moment the model is deployed autoregres-
sively over longer horizons. The central challenge we address is the following:
because the model has never seen imperfect history at training time, any error
introduced at one step propagates forward and compounds at the next, caus-
ing rollout quality to degrade rapidly. Resolving this requires more than better
data or longer training; it requires a di!erent approach to training — one that
explicitly optimizes the model under the same auto-regressive, self-conditioned
regime in which it operates at test time.

This section develops our approach in three stages. We begin by character-
izing the train/test distribution mismatch and why standard training cannot
resolve it (Sec. 3.1). We then formulate post-training as an online reinforce-
ment learning (RL) problem and derive a tractable objective by adapting a con-
trastive forward-process training designed for velocity-prediction flow-matching
models [42] — to the EDM [21] x0-prediction parameterization of Ctrl-World’s
SVD backbone; we show that the branch construction and policy-improvement
guarantees carry over exactly, with no ω-dependent correction terms (Sec. 3.2).
Finally, we address two concrete design challenges: how to construct a group-
relative training signal from autoregressive video rollouts (Sec. 3.3), and how
to define rewards that faithfully assess multi-view, multi-step visual quality
(Sec. 3.4).

3.1 The Closed-Loop Gap in Autoregressive World Models

Model overview. An autoregressive robot world model, such as Ctrl-World [9],
operates in a loop: at each step, it receives a history bu!er of recent frame
latents encoding the visual context so far, together with past and future robot
actions, and generates the next chunk of future frames. The generated frames
are then encoded and appended to the history bu!er, which conditions the next
generation step. In detail, at each autoregressive step, the model receives three
inputs: (i) a history bu!er ft→H+1:t of H=6 recent frame latents that encode the
visual context of what has transpired so far; (ii) the corresponding robot end-
e!ector (EEF) poses eH

t→H+1:t; and (iii) a sequence of future EEF pose targets
et+1:t+L → RL↑7. From these, the model simultaneously generates L=5 future
frames across three camera views — two external views and one wrist-mounted
view.

The closed-loop gap. Training follows a standard di!usion objective under
teacher forcing: given a clip of length H + L from the dataset, the model learns
to denoise the final L frames conditioned on the preceding H ground-truth frames
as history. This produces a reliable training signal, but installs a structural mis-
match with deployment. At test time, no ground-truth history is available; each
generated clip is encoded and appended to the rolling history bu!er, which then
conditions the next denoising pass. The model must now condition on its own
previous outputs — inputs it was never trained to handle. The consequence is
an error compounding loop. A minor spatial or temporal inaccuracy in clip t
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corrupts the latents stored in the history bu!er. These corrupted latents con-
dition clip t + 1 with increased error, which in turn corrupts the history for
clip t+2. Within seconds, generated scenes decohere: object configurations blur,
robot state diverges from the commanded trajectory, and scene identity dissolves.
Rollouts beyond a few seconds become unreliable as surrogates for real-world ex-
ecution — precisely the use-case that makes world models valuable. This is not a
data su"ciency problem. No amount of teacher-forced training gives the model
incentive to be robust to its own imperfect history, because imperfect history
is absent from the training distribution by construction. What is needed is a
training signal computed directly from the model’s own autoregressive outputs
— one that rewards coherent closed-loop generation and penalizes compounding
drift.

3.2 Online RL Post-Training via Reward-Contrasted Denoising

Online reinforcement learning o!ers a principled solution: generate rollouts au-
toregressively, evaluate them against held-out ground truth, and update the
model toward higher-fidelity outputs — with the training distribution defined
by the model’s own production rather than teacher-forced ground truth. Because
the reward is computed on self-generated frames, the training signal inherently
reflects the closed-loop statistics of deployment. The challenge is making this
compatible with di!usion models.

Reward-conditioned forward-process training. We address this challenge
by recasting policy improvement as contrastive denoising [42]: rather than es-
timating reverse-process likelihoods, we generate a group of candidate outputs,
score them with a reward, and encode the relative quality signal directly into the
denoising loss — reinforcing what the model produces for high-reward candidates
and penalizing what it produces for low-reward ones. The contrastive denoising
approach [42] was originally derived for velocity-prediction flow-matching models
such as SD3 [8]. However, some world models — including Ctrl-World [9], which
we build upon — employ an x0-prediction parameterization, where the network
directly estimates the clean data x0 rather than a velocity field. We show that the
contrastive denoising framework transfers naturally to this setting: because the
mapping from network output to clean-data prediction is a"ne, the contrastive
objective construction and its policy-improvement guarantees carry over exactly,
with no additional correction terms.

The full derivation is in the Appendix A. The resulting x0-adapted ob-
jective takes the following form. Let x̂0,ω denote the model’s clean data (x0)
prediction and x̂old

0 a frozen exponential moving average (EMA) copy serving as
the reference policy. For a candidate with normalized reward weight r → [0, 1]
and mixing coe"cient ε, we construct implicit positive and negative clean data
(x0) predictions:

x̂+
0 = (1↑ ε) x̂old

0 + ε x̂0,ω, x̂→
0 = (1 + ε) x̂old

0 ↑ ε x̂0,ω, (1)
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and minimize the reward-weighted denoising loss:

L(ϑ) = E
[
r ↓x̂+

0 ↑ x0↓22 + (1↑ r) ↓x̂→
0 ↑ x0↓22

]
. (2)

Intuitively, the di!erence x̂0,ω ↑ x̂old
0 defines the direction in which the current

model has drifted from the frozen reference. The positive branch x̂+
0 extrapo-

lates along this direction: it takes the reference prediction and moves it toward
the current model by a factor ε, amplifying whatever changes the model has
learned. Conversely, the negative branch x̂→

0 reverses this direction, construct-
ing a counterfactual prediction that moves away from the current model’s output.
The loss in Eq. 2 then uses the reward weight r to interpolate between fitting
x̂+
0 (reinforcing the model’s current direction for high-reward samples) and fit-

ting x̂→
0 (repelling the model from its own predictions for low-reward samples).

The mixing coe"cient ε controls the strength of this amplification: larger ε

produces a stronger reinforcement signal but risks destabilizing training, while
ε ↔ 0 recovers standard supervised denoising against the reference. Note that
this formulation requires only the clean generated samples and the reference
predictions — it avoids backpropagating through the denoising chain entirely,
making it compatible with any black-box sampler.

3.3 Adapting Group-Relative Training to Autoregressive Video

The RL formulation above addresses how to update a di!usion model given
reward-scored samples. Applying it to an autoregressive world model raises a
second, distinct challenge: the formulation assumes a natural grouping structure
— a shared conditioning input from which multiple independent candidate out-
puts are drawn. In image generation, this structure is straightforward: sample K

independent images from the same text prompt and compare them by reward.
In autoregressive video generation, no such fixed prompt exists. Each generation
step produces a clip that modifies the shared history bu!er, which then condi-
tions the next step; candidate clips are not independent draws from a common
condition, but sequential extensions of an evolving shared state.

The key observation is that the history bu!er state immediately before any
generation step plays exactly the role of the prompt in the group-relative set-
ting: it is the accumulated context from which distinct candidate continuations
can be independently branched. Freezing this bu!er state and sampling K in-
dependent candidate next clips from it yields a group that shares a common
context, enabling meaningful reward-based comparison and contrastive training.
This recovers the shared-context / independent-response structure required by
group-relative objectives. We realize this structure through the following rollout
protocol at each training step:

S1: Generate a shared prefix. Starting from a single ground-truth observation
— with the history bu!er backfilled by replicating its encoded latent — we
autoregressively generate P consecutive clips, feeding the model’s own out-
puts back as history at each step. This mirrors closed-loop deployment and
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produces a history bu!er state that has been corrupted by the model’s own
accumulated errors. The prefix length is sampled as P ↗ Unif{0, 1, . . . , 9},
exposing training to the full spectrum of rollout positions — from early
steps where the bu!er is nearly clean to late steps where compounding drift
is severe.

S2: Branch K candidate continuations. From the frozen prefix history bu!er,
we independently sample K=16 candidate next segments. Each candidate is
a short autoregressive sequence of F chunks: the model generates L frames
across all three views simultaneously, encodes and appends them to a private
copy of the history bu!er, and repeats for F steps. Each candidate follows
its own distinct stochastic trajectory from the shared context.

S3: Score and rank. A visual reward R
(k)
t

is computed for each candidate by
comparing its generated frames against held-out ground-truth frames across
all three camera views (Sec. 3.4). Rewards are group-normalized over the K

candidates to form relative advantages, removing the influence of absolute
reward scale at di!erent rollout positions.

S4: Update the model. The group-normalized reward weights are used to scale
the positive and negative denoising losses (Eq. 2), and the model is updated
via gradient descent. Only LoRA adapters and the action encoder receive
gradient updates; the backbone is frozen.

The variable prefix length serves two purposes. It ensures the model is opti-
mized to maintain quality across the full rollout depth, not only at short horizons.
It also exposes the update to diverse history bu!er corruption profiles — from
lightly drifted early-step bu!ers to heavily degraded late-step ones — preventing
overfitting to any single error regime.

3.4 Visual Rewards for Multi-View Video Clips

Defining an e!ective reward for autoregressive robot video generation requires
carefully considering what to measure and how to aggregate it. The signal must
be dense enough to be informative at each training step, directly tied to percep-
tual quality rather than proxy statistics, and consistent across the three camera
views, which provide complementary perspectives on the manipulated scene. A
reward aggregated across an entire long-horizon rollout would be high-variance
and would make credit assignment to specific generations di"cult; we therefore
score at the granularity of individual clips.

For each candidate clip at time t, we compare generated frames x̂(v)
t+1:t+L

against the held-out ground-truth frames x(v)
t+1:t+L

for each view v → V =
{wrist, ext1, ext2}. Per-frame metrics are first averaged temporally over the L

frames of the clip:

m
(v)
t

=
1

L

L∑

ε=1

m

(
x̂(v)
t+ε

, x(v)
t+ε

)
, m → {LPIPS, SSIM, PSNR}, (3)
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and then averaged equally across the three views:

mt =
1

3

(
m

(wrist)
t

+m
(ext1)
t

+m
(ext2)
t

)
. (4)

We use three complementary metrics to capture distinct failure modes. LPIPS [41]
measures perceptual similarity in deep feature space, penalizing structural dis-
tortions even when pixel values are numerically close. SSIM [37] captures lu-
minance, contrast, and local structural fidelity over spatial patches. PSNR [19]
provides a global signal-to-noise measure that is sensitive to large pixel devi-
ations, acting as a coarse indicator of catastrophic scene drift. Using all three
produces a reward robust to the blind spots of any individual metric. LPIPS cap-
tures perceptual distortions invisible to pixel-level metrics, SSIM is sensitive to
local structural changes, and PSNR flags large-scale pixel drift; combining them
guards against failure modes that any single metric would miss. The per-view,
per-metric averages are combined into a single scalar reward:

Rt = ↑wLPIPS LPIPSt + wSSIM SSIMt + wPSNR PSNRt, (5)

where LPIPS is negated (it is lower-better), and the weights w are set to bring
the three components to a comparable numerical scale (values in Sec. 4).

Group normalization. Because absolute reward values vary significantly across
rollout positions — early clips score much higher than late ones — we normal-
ize rewards within each group to focus the training signal on relative quality
di!erences. The per-candidate rewards R

(k)
t

are group-normalized over the K

candidates via z-score normalization:

A
(k) =

R
(k) ↑ µR

ωR + ϖ
, µR =

1

K

K∑

k=1

R
(k)

, ωR = stdk(R
(k)). (6)

This converts absolute reward values into relative rankings within the group,
removing the confound of reward scale variation across rollout positions. The z-
scored advantages are clipped to [↑1, 1] and linearly rescaled to the [0, 1] range
required by Eq. 2:

r
(k) =

clip(A(k)
, ↑1, 1) + 1

2
. (7)

This normalization encourages the model to discriminate between better and
worse continuations from the same context, and keeps the gradient magnitude
bounded regardless of the absolute level of visual quality at any given rollout
position.

4 Experiments

Implementation details. We use the pre-trained Ctrl-World model [9] as our
base. For the proposed post-training, we apply LoRA [16] adapters to the UNet
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backbone (rank r=64, ϱ=64) and additionally finetune the action encoder; all
other parameters (other UNet layers, VAE, etc.) are frozen. We train for 6,000
steps with learning rate 1↘10→4 using the Muon optimizer [20] with the batch
size 64 and group size K=16. Additionally, we subsample the group elements
by taking the 10 most informative samples (top-5 and bottom-5 ordered by
the reward) per update step. Reward weights are set to: wLPIPS=wSSIM=1 and
wPSNR=

1
32 , with the 1

32 factor bringing PSNR into a comparable numerical range
with SSIM → [0, 1]. From our ablations this leads to the best average performance
across all metrics. The model is trained on 8 NVIDIA H200 GPUs for 2 days.
Primary training cost is the autoregressive rollout generation, common in prior
works [18,25]. Overall, we found that our choices are a conservative default and
one can tune even more to obtain better performance; for example, see Table 6
in Appendix. For more details on ablations, see Appendix B.

Dataset. We evaluate on the DROID dataset [22], a large-scale robot manip-
ulation dataset collected on a Franka Emika Panda robot across a diverse set
of tabletop environments. DROID comprises teleoperated demonstrations across
a wide variety of everyday manipulation tasks and uses a standardized three-
camera setup (two external cameras and one wrist-mounted camera). We use
Ctrl-World’s held-out validation split for all quantitative evaluations.

Autoregressive rollout quality evaluation. We evaluate autoregressive roll-
out quality on pre-recorded trajectories from the validation split. Starting from a
single observed state (frames from all cameras + robot EEF pose), we generate
14 consecutive clips (14 ↘ L=70 frames, covering approximately 11 s at 5Hz)
using the autoregressive procedure from Sec. 3.3. We then compare the gener-
ated frames to the corresponding ground-truth frames from the dataset using
SSIM [37], PSNR [19], and LPIPS [41]. We report metrics separately for exter-
nal cameras and the wrist camera, as these views capture qualitatively di!erent
aspects of the scene.

Our model establishes a new state-of-the-art for autoregressive rollout qual-
ity on the DROID dataset, consistently outperforming all baselines—WPE [30],
IRASim [44], and Ctrl-World [9]—across every metric (Table 1). Compared to
Ctrl-World baseline, our approach achieves significant gains on external cameras,
improving PSNR by 1.40 dB and reducing LPIPS by 14.0%. These margins widen
considerably against WPE and IRASim, where we see PSNR improvements of
4.09 dB and 3.06 dB and LPIPS reductions of 46.6% and 40.2%, respectively.
The most pronounced gains occur on the wrist camera (SSIM +9.1%, PSNR
+1.59 dB). This indicates that our closed-loop-aware post-training specifically
excels at capturing the fine-grained object contact and hand-eye coordination
details critical for downstream policy evaluation. Qualitatively, Fig. 3 confirms
these improvements, while Fig. 4 illustrates a consistent distribution shift to-
ward higher-fidelity generations. A 1-to-1 paired comparison reveals that our
model outperforms the baseline in ↗98% of validation samples, demonstrating
the consistency of our gains across the entire dataset. Finally, Fig. 5 analyzes
performance over extended rollouts; while both models naturally degrade as the
horizon increases, our method maintains significantly higher fidelity over time.
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Table 1: Visual quality metrics for 14-step autoregressive rollouts (→11 s)
on the DROID validation split. Values represent averages over the full rollout
duration. Results marked with → are from [9]; † indicates our reproduction.

Evaluated
Cameras Model Pixel/Structure Perceptual

SSIM ↑ PSNR ↑ LPIPS ↓

External
Camera

WPE→ 0.77 20.33 0.131
IRASim→ 0.77 21.36 0.117
Ctrl-World→ 0.83 23.56 0.091
Ctrl-World† 0.84 23.02 0.081
Ours 0.86 24.42 0.070

Wrist
Camera

Ctrl-World† 0.62 17.80 0.310
Ours 0.67 19.39 0.277

Comparison to Self-Forcing style baseline. Recent works such as Self-
Forcing [18,25] are not directly applicable to our case since they primarily distill
from a (usually larger) bidirectional teacher, which is not available in our case.
However, to measure the importance of our RL objective over the training on
corrupted history, we post-trained the model on its own rollout history but ask
it to regress the ground truth latents. On the validation set with rollout length
of 10 interactions, the visual metrics favor ours: wrist 0.721/20.40/0.338 vs SF
0.710/20.17/0.338; external Ours 0.872/25.52/0.116 vs 0.868/25.35/0.119.

Object- and Robot-Centric Evaluation. General-purpose world models of-
ten achieve high full-frame scores by over-optimizing for static background preser-
vation while failing to capture the complex dynamics of manipulated objects. To
evaluate task-relevant fidelity, we isolate the foreground using RoboEngine [40]
to segment interacting objects and the robot arm. Computing metrics on these
masked regions provides a rigorous measure of spatial and control consistency,
which is more critical for downstream policy learning than raw background re-
construction. Table 2 confirms that our model’s gains are concentrated on these
task-critical regions. On object-masked pixels, our improvements are even more
pronounced than full-frame results: external camera LPIPS drops by 16.3% (vs.
14.0% full-frame), while wrist-camera SSIM improves by 4.1%. We observe sim-
ilar trends for robot-centric metrics, with PSNR increasing by 1.63 dB and
1.74 dB for external and wrist views, respectively. These results demonstrate
that our training objective successfully captures the intricate dynamics of robot-
object interactions rather than relying on incidental background fidelity.

Human Preference Study. To complement automated evaluation, we con-
ducted a blind human preference study to assess perceived realism and temporal
consistency. Raters were presented with side-by-side video pairs from our model
and the baseline, alongside the ground-truth video as a reference. They were
tasked with selecting the rollout that appeared most realistic and remained most
consistent with the ground-truth dynamics. Our model significantly outperforms
the baseline, achieving an 80% preference rate (174 wins vs. 43).This substantial
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Fig. 3: Qualitative comparison of autoregressive rollout stability. We compare
long-horizon (11 s) generations from the baseline [9] against our PersistWorld for the
wrist camera. Left: Object-centric fidelity. The baseline model su!ers from rapid
decoherence; as errors compound in the history bu!er, manipulated objects like the
cup lose their structural identity and dissolve into amorphous textures. In contrast,
our method maintains the spatial consistency and structural integrity of the object
throughout the rollout. Right: Robot-centric consistency. The baseline exhibits
significant robot decoherence, where the generated robot arm loses their geomet-
ric structure. Our approach maintains structural persistence. Please see additional
video results on the associated project page.

margin is further reflected in the Elo ratings, where our model reaches 884.8
compared to the baseline’s 715.2.

Fig. 6: Human preference results.

These results confirm that our quanti-
tative gains translate to a qualitatively su-
perior experience, with human observers
consistently favoring our model’s ability
to maintain coherent dynamics over long horizons when compared directly
against the ground-truth reference.

Fig. 4: ωmetric of paired videos from the validation dataset. On 1↔1 paired comparison,
our PersistWorld world model is better than the baseline on ↗ 98% of the sample
(p < 10↑6).
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Fig. 5: Temporal evolution of wrist camera metrics. While both models exhibit
natural degradation over longer horizons (x-axis), our post-trained model, PersistWorld
(green), consistently maintains higher fidelity and slower error accumulation compared
to the baseline (orange). Specifically, our method preserves a higher PSNR and SSIM
while suppressing LPIPS drift, e!ectively extending the stable prediction horizon for
complex, fine-grained interactions. See Fig. 11 in Appendix. E.2 for external camera
results.
Table 2: Masked visual metrics for 14-step autoregressive rollouts (→11 s).
We isolate object-only and robot-only pixels to evaluate task-relevant spatial and con-
trol consistency. Our model demonstrates superior fidelity in these dynamic regions
compared to baselines, confirming that performance gains are driven by accurate inter-
action modeling rather than background reconstruction. All metrics are averaged over
the full rollout horizon.

Evaluated
Cameras Model Object-Only Robot-Only

SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓

External
Camera

Ctrl-World† 0.88 22.25 0.025 0.82 17.62 0.039
Ours 0.89 23.60 0.021 0.86 19.25 0.033

Wrist
Camera

Ctrl-World† 0.73 18.52 0.088 0.83 25.50 0.027
Ours 0.76 19.87 0.078 0.86 27.24 0.023

Generalization beyond DROID. We finetuned the SVD backbone on Bridge
(WidowX) [7] and RT-1 (Google Robot) [5] for 100k steps, then applied Persist-
World post-training. PersistWorld post-training improves all three metrics on
both embodiments over the SVD backbone. On Bridge, SSIM 0.864 ↔ 0.876,
PSNR 25.20 ↔ 26.36, LPIPS 0.1061 ↔ 0.0957; on RT-1, SSIM 0.833 ↔ 0.865,
PSNR 23.81 ↔ 26.63, LPIPS 0.1683 ↔ 0.1305.

Policy Evaluation. Along with the visual metrics, we also evaluate the correla-
tion between the world-model-based policy evaluations and the real-world policy
evaluations. Across three tasks and three policies we find that PersistWorld has
better correlation (0.822 vs 0.796) and MMRV (0.006 vs 0.053) than Ctrl-World.
See Appendix C for more details.

Policy Improvement. We ran a Ctrl-World-style policy improvement experi-
ment: ς0 is full-finetuned on 50 rollouts for 4 block spatial picking task from each
WM, then evaluated on a real-robot (5 trials/block). Prompt: “Pick up the top-
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left/top-right/bottom-left/bottom-right block”. Average task progression: base
0.350, +Ctrl-World 0.558, +Ours 0.667 (+19% over Ctrl-World).

5 Conclusion

In this paper, we addressed the critical challenge of exposure bias in action-
conditioned robot world models. While existing di!usion-based world models
produce high-fidelity short-term clips, their utility as simulators has been lim-
ited by compounding errors during autoregressive deployment. We introduced
a reinforcement learning post-training framework that bridges this “closed-loop
gap" by training the model on its own generated rollouts rather than ground-
truth teacher forcing.

Our technical contributions—adapting a contrastive online reinforcement
learning objective to x0-prediction backbones and designing a variable-length
branching training protocol with multi-view perceptual rewards—enable the
model to remain stable over longer horizons. Our approach establishes a new
state-of-the-art on the DROID dataset, significantly reducing perceptual drift
and maintaining structural integrity. The 80% preference rate in our human
study and the marked improvement in object and robot-centric metrics suggest
that RL post-training is a powerful tool for transforming video generators into
reliable, persistent robot simulators. By stabilizing multi-step rollouts, this work
paves the way for using world models as scalable, high-fidelity virtual environ-
ments for the evaluation and improvement of general-purpose robotic policies.

Limitations and Future Work. Despite these gains, our approach has lim-
itations. The group-relative training protocol requires sampling K = 16 inde-
pendent candidates per update, which increases computational overhead during
post-training compared to standard supervised fine-tuning. However, a signifi-
cant advantage of our framework is its modularity; the contrastive objective is
reward-agnostic, meaning the model can be optimized against any combination of
perceptual, physical, or task-specific signals. While our current implementation
utilizes visual fidelity rewards (LPIPS, SSIM, PSNR) to stabilize the rollouts,
these do not yet explicitly enforce physical or geometrical constraints. Future
work will leverage this flexibility to explore more consistency rewards—including
physics-informed constraints and geometry-aware metrics—to further enhance
physical realism. Additionally, we intend to investigate the application of these
persistent world models directly within the policy optimization loop.
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