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Fig. 3: Qualitative imaginations produced by RISE. Given
initial multi-view context and candidate action chunks, RISE
can (a) emulate a variety of future accordingly, (b) simulate
failure cases with corresponding reward drops, and (c) main-
tain coherent predictions consistent with real executions.

dynamics model emulates a faithful future under the candidate
action chunk, which would be evaluated by the value model
to derive an advantage for policy improvement. We show
samples from imagination in Fig. 3 qualitatively. Crucially,
the model is employed exclusively during training, imposing
zero computational overhead at inference. The training recipe
and inference pipeline of our world model are shown in Fig. 4.
Controllable Dynamics Model. Reliably simulating future
states for RL yields two fundamental requirements: (i) The
generation latency should not be prohibitively high, which
would bottleneck the throughput of the RL system. (ii) The
generated states should not only be plausible in visuals but also
consistent with the conditional actions. Thereby, we initialize
our dynamics model from pre-trained Genie Envisioner [51],
i.e., GE-base variant, which inherits the architectural advances
in LTX-Video [23] and features a favorable trade-off between
generation quality and inference speed. In comparison, ad-
vanced world models such as Cosmos [1] takes more than 10
minutes for synthesizing 25 multi-view observations, whereas
GE only requires less than 2 seconds to achieve such a
horizon, leading to 300x speedup. Such generation efficiency
is a critical pillar for applicable RL training.

Despite its efficiency, GE-Base is originally conditioned
on text rather than fine-grained robot actions. To endow the
model with precise action controllability that could be further
transferred into task-specific scenarios, we further optimize the

Fig. 4: Workflow of compositional world model. Top:
Training recipe upon proper model initialization. Bottom:
Inference pipeline that yields rewarded samples for policy
optimization. Both modules are compatible with multi-view
images. We omit text prompt for both policy and value model
for brevity.

model on large-scale action-labeled datasets, including Agibot
World [10] and Galaxea [37], by incorporating an additional
light-weight action encoder. Additionally, we impose stronger
noise on context frames compared to the original GE-base
training, to improve the generation robustness when encoun-
tering motion blurs and visual artifacts that might occur in
both recorded and synthesized data. Nevertheless, fine-tuning
a controllable world model on heterogeneous action data is
prone to instability and slow convergence when diverse tasks
and visual domains are included within the same batch for
each optimization iteration. We mitigate this issue with a
Task-Centric Batching strategy, where each batch is sampled
from a small fraction of tasks while covering more samples
of the same task correlated with different actions. Intuitively,
this batching strategy prioritizes action diversity under the
same scene over scenario diversity for batch optimization, thus
contributing to improved action controllability. Empirically,
applying this strategy improves both task-specific fine-tuning
efficiency, as in Table V, and stronger policy improvement,
as in Table IV. With these design choices, our dynamics
model is capable of providing fast and faithful multi-view state
prediction to support the self-improving loop.
Progress Value Model. Imagination-based policy improve-
ment critically depends on a reward-related signal that is (i)
dense over long horizons and (ii) sensitive to subtle failures in
contact-rich manipulation. We therefore learn a value estimator
V that maps sensory observations to a scalar value used
to score imagined rollouts. V is parameterized from a pre-
trained VLA policy π0:5 [7], that brings in two advantages.
First, π0:5 has been trained on broad robot datasets and thus
carries robot-centric understanding that transfers naturally to
value estimation. Second, the policy backbone is compatible
with multi-view inputs, whereas generic VLMs are mostly
developed on single-view images without such adaptation.



As for training, we warm-start V with a simple temporal
progress estimate as objective, which equips our value model
with a coarse understanding of monotonic temporal structure.

Lprog = E(ot;`)∼D exp

[
(V(ot , ℓ) − t/T)2

]
, (5)

where t indexes the current timestep within an episode of
length T . While progress regression provides a dense signal,
it is often overly smooth and can be insensitive to failures,
especially in contact-rich settings where execution errors might
be subtle in visuals. To conquer this, we augment the progress
loss with Temporal-Difference (TD) learning [66], which uses
both successful demonstrations and failure rollouts to establish
a value function that distinguishes success from errors.

LTD = E(ot;`;o t+1)∼D
[
(V(ot , ℓ) − yt )

2
]
,

yt = rt + γV(ot+1 , ℓ),
(6)

where γ is the temporal discount factor, and rt is set to 0 in
intermediate steps while being +1/−1 at the end of successful
and failure episodes, respectively. Our final value learning
objective simply combines both terms LV = Lprog + LTD
to leverage both the learning stability and error sensitivity
provided by two terms, respectively.

B. Policy Warm-up on Real-world Experience

Before performing the on-policy improvement, we first
warm-start the learning process with offline-collected data,
which anchors the policy to a physically plausible behavior
distribution on the targeted task, avoiding careless exploration
in the later stage. Both data composition and training objective
mainly follow RECAP [2]. For each task, we fine-tune the
pre-trained policy, i.e., π0:5 [7], on offline collected data,
comprising expert demonstrations, policy rollout with success
and failure, and human-intervened correction. During training,
the policy is conditioned on an advantage signal, labeled by
our learned value model V as in Eq. (2), by treating ôt+k as
later frames from an offline recorded video. Different from the
practice in RECAP that labels advantage for offline data and
policy rollout, in early experiments, we found that assigning
advantages for both sources yields worse results than labeling
for rollout only. Thereby, only rollout data is assigned the
learned advantages whereas both expert and human correction
data are directly paired with optimal advantages, denoted as
1, in our experiments. Consequently, this warm-up stage em-
powers the policy to absorb action data in different qualities,
which is critical for the next self-improvement stage that learns
from trial-and-error in an online manner.

C. Self Improving with World Model

With the advantage conditioning capability acquired from
the warm-up stage on offline data, we then apply the com-
positional world model as an interactive simulator to improve
the policy. The self-improving loop executes the Rollout stage
and Training stage iteratively, as shown in Fig. 5.
Rollout Stage. To start off, we sample an initial state from
the warm-up offline dataset. Along with the observation, we
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Fig. 5: Self-improving loop of RISE. Our learning pipeline
encompasses two stages. Top: Rollout stage. Prompted with an
optimal advantage, the rollout policy interacts with the world
model to produce rollout data. Bottom: Training stage. The
behavior policy is then trained to generate proper action under
an advantage-conditioning scheme.

additionally prompt the rollout policy πrollout with an optimal
advantage 1, to infer an action with positive intent.

ât = πrollout(1, ot , ℓ). (7)

Visual history and action proposal are fed into the dynamics
model to synthesize the next H visual states. These imagined
states are then evaluated by the value model to compute
the actual advantage of the proposed action, denoted as
A� rollout(ot , ât , ℓ). We define 1 as the prompted advantage for
inferring optimal actions, whereas A� rollout(ot , ât , ℓ) denotes the
evaluated advantage, reflecting the true utility of the generated
action. This advantage is discretized into one of N uniform
bins representing the practical advantage of the action in
the current state. To broaden the state coverage during the
online training process, imagined states would also serve as
input for the subsequent rollout. From each offline state, such
consecutive interaction would be conducted at most two times,
considering the known error accumulation issue of generative
video models [33]. The rollout policy parameters are updated
via an Exponential Moving Average (EMA) [35], blended
from behavior policy weights. One major difference between
RISE and prior approaches that also leverage world model as
learning environment [38, 79, 11] is that RISE avoids explicitly
simulating terminal states to obtain rewards, yet produces
chunk-wise advantage for proposed actions directly.
Training Stage. The on-policy rollout data ⟨o, â, A⟩ form
batch samples to optimize the policy. The VLA is trained to
minimize the distance between its output and the proposed
action â, given the evaluated advantage A as a condition. This
allows the policy to learn from both high-advantage successes
and low-advantage failures discovered in imagination. To
prevent catastrophic forgetting during exploration, we also mix
offline labeled data into the batch data. Both offline and online



TABLE II: Ablation on offline data ratio. Overall perfor-
mance peaks at 0.6, indicating that balanced offline data is
crucial for complex generalization.

Ratio Pick&Place Sort Complete
Succ. (%) Acc. (%) Succ. (%) Score

0.1 15.00 83.33 5.00 1.35
0.3 78.75 80.95 25.00 7.03
0.6 90.00 87.50 50.00 8.32
0.9 90.00 80.56 30.00 7.90

TABLE III: Ablation on online action and state integration.
Results demonstrate the necessity of incorporating both online
action proposed by the rollout policy and the online state
generated by the dynamics model.

Online Action Online State Pick&Place Sort Complete
Succ. (%) Acc. (%) Succ. (%) Score

% % 80.00 76.56 35.00 6.98
! % 96.25 84.42 40.00 8.73
! ! 98.75 92.41 70.00 9.43

TABLE IV: Ablations on the modular designs of dynamics
and value models. “w/o Progress” indicates that the value
model is trained without the auxiliary progress loss. Our full
architecture proves to be the most effective across all metrics.

Module Variants Pick&Place Sort Complete
Succ. (%) Acc. (%) Succ. (%) Score

Dynamics w/o Pre-train 97.50 60.26 15.00 7.43
w/o Task-Centric 93.75 89.33 40.00 8.78

Value w/o Progress 95.00 86.84 50.00 8.78
w/o TD Learning 98.75 72.15 35.00 8.38

RISE (Ours) w/ all designs 98.75 92.41 70.00 9.43

RISE significantly outperforms all RL and IL baselines across
all tasks, with consistently high success rate.

C. Ablation Study

What ratio of the offline data should be allocated during
RL training? Relying solely on online experience often leads
to performance collapse due to the distribution shift between
offline demonstrations and online rollouts. To address this, we
investigate the optimal mixing ratio of offline data to retain
performance. As shown in Table II, we observe a distinct trade-
off. When the offline data ratio is too low (e.g., 0.1), the suc-
cess rate plummets to 5%. This confirms our hypothesis that
insufficient offline retention leads to catastrophic forgetting
in the face of massive online data. Conversely, an excessive
ratio (e.g., 0.9) also degrades performance. We attribute this to
over-regularization, where the policy becomes too constrained
to the offline distribution, hindering its ability to explore and
discover superior policies.
Can VLA models benefit from world-model generated
online actions or states? To validate this, we evaluate three
variants: a baseline without online signals, one with online

G
T

R
IS

E
 (O

urs) 
G

E
C

osm
os

BLURRED

ACTION INCONSISTENCY

ACTION INCONSISTENCY

ACTION INCONSISTENCY

DISTORTED

DISTORTED

Fig. 6: Qualitative Comparison on Dynamics Models. Cos-
mos [1] and Genie Envisioner [51] suffer from geometric dis-
tortion, motion blurring, and physical inconsistency, whereas
our method showcases temporally coherent and physically
consistent results with Ground Truth (GT).

TABLE V: Quantitative comparison of dynamics models.
↑ (↓) denotes higher (lower) is better. Our method shows
superior motion accuracy (EPE) and perceptual quality across
both real-world tasks in Fig. 2 and the Bridge dataset [70].

Method PSNR ↑ LPIPS ↓ SSIM ↑ FVD ↓ EPE ↓

Experiment #1: Fine-tuning on our real world tasks

Cosmos 21.17 0.14 0.79 97.90 1.21
GE 21.16 0.11 0.79 85.72 1.05
RISE (w/o Task-Centric) 22.67 0.08 0.80 61.22 0.68
RISE (Ours) 23.90 0.07 0.82 66.84 0.54

Experiment #2: Fine-tuning on Bridge dataset [70]

Cosmos 21.32 0.14 0.80 73.21 1.18
GE 21.47 0.12 0.79 64.55 0.96
RISE (w/o Task-Centric) 22.61 0.10 0.78 49.07 0.72
RISE (Ours) 23.68 0.10 0.82 45.21 0.64

actions only, and the full RISE with both. Our results con-
firm the necessity of online signals. As shown in Table III,
introducing online actions increases the success rate from
35% to 40%. We attribute this improvement to the expanded
action space exploration; unlike the static behavioral mode
typically found in offline data, online rollouts allow the VLA
to distinguish between high-advantage actions and suboptimal
failures. Crucially, incorporating online states further raises the
success rate to 70%. This suggests that dynamically generated
online states provide a richer, virtually unbounded training dis-
tribution, overcoming the limitations of fixed offline datasets.
How significant is the impact of the modules on RISE?
Quantitative results in Table IV highlight the criticality of
each component. In the dynamics model, removing visual pre-
training drops sorting accuracy by 32.15% and completion



imagination and principled integration of physical constraints
that explicitly encode geometry properties.
The Simulated–Real Data Balance. Our results indicate that
a non-trivial amount of real-world data remains essential to
anchor the learning procedure. However, the optimal ratio
between simulated rollouts and real-world experience requires
further parameter tuning. Understanding the effectiveness and
principles of these offline data represents an open problem.
From Physical Cost to Compute Cost. RISE shifts the
primary bottleneck in robot learning from physical interaction
to computation. While this trade-off releases the burden of
physical interaction, training high-fidelity world models incurs
a high computational cost. Improving the efficiency of world
models will be critical for the compute-constrained regime.
Outlook. Taken together, these limitations suggest a promis-
ing pathway in integrating learned simulation into a broader
data ecosystem, where model-based reinforcement learning
complements scarce physical interaction. Discovering the right
balance between these two key components points to a future
of adaptive, robust, and sample-efficient robotic intelligence.
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