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Abstract. Large-scale Vision-Language-Action (VLA) models excel at
mapping natural language instructions to robotic actions. However, a
primary bottleneck in generalizing these models is the scarcity of high-
quality real-world data. While fine-tuning requires massive successful
demonstrations, the low success rates of current base policies in dy-
namic environments often lead to compounding errors and inefficient,
low-quality data collection. To enhance both real-world data acquisition
and long-horizon task success, we propose a proactive, online interven-
tion framework. Our core innovation is a lightweight, composite World
Model (WM) acting as an event-triggered “corrector”. Instead of con-
tinuous frame-by-frame rollouts across the entire task horizon, our WM
intervenes only at critical decision points (e.g., prior to grasping) to eval-
uate the proposed action’s feasibility. If a high failure risk is detected, the
system proactively rolls back to a heal state. A generative model then
synthesizes a short video of a successful future trajectory, which guides
the robot’s re-attempt via an action decoder. We validate our framework
across multiple robotic grasping tasks on both simulation and real-world
systems. Extensive results demonstrate that deploying world models as
active, on-demand correctors significantly improves task success rates
and efficiently harvests high-quality execution data by rescuing poten-
tial failures before they occur.

1 Introduction

Vision-Language-Action (VLA) models [4}/16}19,[20 26} (28l 33,39} /41,|44] have
emerged as a powerful paradigm for robotic manipulation, enabling agents to
interpret natural language instructions and generate corresponding actions from
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visual input. Despite their success, these systems rely heavily on imitation learn-
ing derived strictly from positive grasp data. Consequently, they typically
treat action generation as a terminal, open-loop step without mechanisms for
dynamic supervision which often results in execution bias and compounding er-
rors, particularly in dynamic or ambiguous environments. Therefore, it often
happens that remedial measures are taken after the sub-task fails. Crucially, in
real-world robotic deployment, waiting to correct these errors until after a phys-
ical failure has occurred is often too late. Such low success rates not only hinder
reliable deployment but also exacerbate a primary bottleneck in robotic gen-
eralization: the scarcity of high-quality real-world data. While current policies
frequently fail in operation, data collection is highly inefficient and often yields
suboptimal trajectories. To overcome this data bottleneck, there is a pressing
need for a proactive, online remedial mechanism that must be capable of pre-
dicting failure risks at critical moments to rectify flawed actions before the actual
failure materializes in time, thereby simultaneously improving long-horizon task
success and data collection efficiency.

Parallel to the development of VLAs, world models (WMs) [2,[8,|36] have
gained significant attention for their ability to model environmental dynamics
and support predictive reasoning which enable agents to anticipate consequences
and plan accordingly. However, prior methods typically mandate continuous fu-
ture simulation across the entire task horizon, these exhaustive, long-sequence
rollouts incur prohibitive computational costs, making them impractical for real-
time control. Their training is also commonly restricted to successful demonstra-
tions, limiting their ability to generalize from or recover from failure scenarios.

To address the limitations of both paradigms, we ask: what if an agent
could pause at critical moments, assess the feasibility of its own plan,
and imagine a trajectory to success before committing to a poten-
tially flawed action? In this work, we propose world-in-loop, a framework for
online policy rectification, which synergistically incorporates the generalized ca-
pabilities of VL As with the predictive power of a lightweight, event-driven world
model. Our approach is designed to address two key limitations in current robotic
manipulation pipelines: (1) the inability to robustly detect and respond to grasp
failures in real time, and (2) the underutilization of world models in guiding
corrective actions. Specifically, our method begins with a base VLA model con-
trolling the robot’s actions until it outputs a grasp command, which designates
the current visual frame as a keyframe suitable for grasping. At this juncture,
our framework first leverages a finetuned discriminative model to evaluate the
risk of failure for the proposed action, which is trained on the data composed of
high-value failure cases. If a potential failure is detected, a generative world
model "imagines" a short video of a successful grasp from the current state. This
imagined success trajectory is then decoded to actions executed by robot, which
guide the robot into the correct state.

This “in-the-loop" architecture is designed for synergy and efficiency. By ac-
tivating the WM only when necessary, it avoids the computational overhead of
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Fig.1: An overview of our core idea. Standard VLAs (left) suffer from compounding
errors, leading to task failure, which is trained only on successfully collected data.
Our World-in-Loop framework (right) intervenes at critical moments, evaluating the
proposed action and leveraging a world model to imagine a successful outcome by
incorporating both successful and failed collected data, which then guides a corrected
action to ensure task success.

continuous prediction. Crucially, by learning from potential failures, it enhances
data efficiency and robustness. In summary, our contributions are as follows:

— We propose a novel and efficient integration of Vision-Language-Action (VLA)
models with world models (WM), where the WM operates as a lightweight,
event-driven plug-in that is selectively activated only when a grasp action
is predicted to break the efficient bottleneck. This design enables real-time
correction without incurring the cost of continuous rollouts.

— Our framework is the first work to apply world models for grasp correction,
leveraging their discriminative ability to assess graspability and generative
capacity to predict a single future graspable state—thus avoiding the con-
tinuous resource-intensive generation used in prior methods.

— We introduce a failure-driven training strategy for the world model, utiliz-
ing both successful and failed executions to learn robust decision boundaries.
This improves data efficiency and generalization, leading to state-of-the-art
performance across multiple robotic grasping benchmarks with strong ro-
bustness to online intervention and environmental disturbances.

2 Related Works

Vision-Language-Action (VLA) Models. The recent success of Large Lan-
guage Models (LLMs) [1}3Jand Vision-Language Models (VLMs) has led
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to the development of Vision-Language-Action (VLA) models [6}/11}/18,23}|24],
which enable robots to interpret multi-modal inputs and generate context-aware
actions. Early pioneers like VIMA [13] demonstrated the potential of a single,
massive network to handle diverse tasks, followed by more specialized robotics
models like RT-1 |4], and RT-2 [44], which showed that co-fining vision-language
models on robotics data could transfer abstract web-scale knowledge to phys-
ical control, enabling impressive zero-shot generalization. More recent efforts
[191/29,/40], have integrated more powerful vision encoders, further enhancing the
models’ perceptual understanding. However, these models typically rely on im-
itation learning and treat action generation as a terminal output, which limits
their adaptability in dynamic environments. The problem of online error accu-
mulation in unseen situations remains a significant open challenge. Our work
directly addresses this limitation not by changing the VLA architecture itself,
but by augmenting it with an external, intelligent correction loop.

‘World Models in Robotics. World Models, which learn a predictive model for
environment, enabling agents to simulate future states and plan accordingly from
current observations and actions. Seminal works like PlaNet [10] and Dreamer
series |9] have shown that agents can learn complex behaviors by "dreaming" or
planning within a learned latent space. WorldVLA [5] attempted to unify VLA
and world models into a single framework, highlighting the mutual benefits of
joint training. Furthermore, recent World Action Models(WAM) [15}27.|38,142]
have further explored the value of learning potential action priors from the video
world model. However, these models typically require continuous, step-by-step
prediction of future states (often as images or latent vectors) for planning. They
served merely as an auxiliary head to provide an extra supervision signal during
training, rather than actively guiding the online correction of powerful learning
policy, lacking explicit mechanisms for failure recovery. Our key distinction is the
repurposing of WM components (generation and discrimination) for on-demand,
event-triggered intervention, avoiding the overhead of constant future simulation.

Online Policy Correction and Intervention. The concept of online cor-
rection is crucial for deploying robots in real-world environments. Traditional
grasping pipelines [7[14] often rely on static policies or human intervention when
failures occur, limiting their adaptability in ambiguous environments. A promi-
nent direction leverages the reasoning capabilities of Large Vision-Language
(LVLMs) [25,30L31] to enable robots to reflect on failed grasp attempts and
adjust strategies accordingly. Other approaches, such as Phoenix [37] proposes a
motion-based self-reflection framework that translates high-level semantic feed-
back into fine-grained action corrections, enabling precise recovery from ma-
nipulation errors. However, these methods either require human oversight or
struggle to generalize to the vast number of potential failure modes. In contrast,
our framework introduces a proactive, perceptually-grounded self-correction loop
that leverages the predictive power of a world model. By combining discrimina-
tive evaluation and generative prediction, our system can assess graspability and
simulate future graspable states in a lightweight and targeted manner.
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Fig. 2: The architecture of our World-in-Loop framework. The process follows a
"Propose-Evaluate-Imagine-Correct’ loop. When a keyframe (grasp initiation) is de-
tected, a Discriminator evaluates the proposed action. If failure is predicted, a Genera-
tor generates a video of successful grasp. This video is then fed back to the VLA, which
outputs a corrected, final action. Note the weight-sharing between the Discriminator
and the corrective VLA module for efficiency.

3 Methodology

Our proposed method, World-in-Loop, repurposes the concept of a World
Model (WM) as a novel online intervention mechanism to correct base VLA
policy at critical decision points. Unlike in traditional applications where WMs
continuously predict future states, our approach utilizes a lightweight, composite
WM as an on-demand "corrector" that combines discriminative and generative
capabilities. This section first formulates the problem of online correction, then
details our World-in-Loop framework, and finally elaborates on the specific de-
sign of our composite world model components.

Problem Formulation. We formulate the robotic manipulation task as a Par-
tially Observable Markov Decision Process (POMDP). Let the observation space
be O, at each timestep ¢, the agent receives a visual observation oy = (I3, s;) € O
combines an RGB image I; € Z and proprioceptive state s; € S (e.g., end-
effector pose, gripper state). A pre-trained VLA policy myra(atlot, L), trained
via behavioral cloning on an expert dataset Dexpert = {(04,a;)} X1, predicts low-
level action a; = (Axyzi, Arpyt, g¢), where (Azyzi, Arpy:) denotes Cartesian
and orientation increments, and g; is the gripper command (open/close) which
is conditioned on the observation and a language instruction L. The training
objective minimizes the deviation from expert actions:

TTVLA = arg mﬂin Z Eimitation(’]r(oa L)a a) (]—)

(07’1) eDexpert

The central challenge during deployment is the covariate shift, where the on-
line observation distribution Pypjine(0) deviates from the training distribution
Poxpert(0). This causes the performance of mypa to degrade, leading to an ex-
pected return E- x4 [, R(s¢,a:)] that falls below an acceptable threshold.
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To solve this, we introduce an online correction function C, which modulates
the VLA’s proposal a; = myra(0s,I) to produce a final action a} = C(oy, at).
We instantiate our World Model as C, which intelligently intervenes to guide the
policy back toward a successful trajectory and maximizes the expected return
of the resultant policy 7’ while minimizing computational overhead by invoking
C sparingly, denoted as: max¢ E [thZO R(s¢,ay)]

3.1 Base Policy: Keyframe Detection via Primary VLA

The first step in our framework is to leverage a pre-trained VLA model, e.g.,
CogACT, as the base policy to generate an initial expert’s action, a;. For ma-
nipulation tasks like grasping, the most decisive moment is the initiation of the
grasp itself. Therefore, we define the keyframe trigger as the time where the base
VLA policy proposes an action with gripper state transitioning to "close". The
supervisor takes control and first evaluates the proposed action’s likelihood of
success using a discriminative module, Dy, at this keyframe. For all other pro-
posed actions, such as moving the arm or opening the gripper, the supervisor
remains inactive, and the base policy is executed directly without intervention.

3.2 Intervener: A Composite World Model

Our WM is not a monolithic dynamics predictor but a composite system of two
specialized components: a VLM-based discriminator for assessing feasibility and
a video-generative model for imagining corrections.

The Discriminator. Is This Grasp Feasible? The discriminative module
D, is realized using a powerful Vision-Language Model (VLM), specifically a
fine-tuned Qwen-VL 2.5 |3]. We formulate the failure prediction task as a Visual
Question Answering (VQA) problem instead of training a specialized binary
classifier for better generalization. The module receives the current observation
o; and a structured text prompt: “Query: My task is ‘Stack Green Block on
Yellow Block’, Should the robot arm close its gripper in the next step?" The
model, denoted as Mygisc, is trained on a curated dataset of both successful
and failed grasp attempts, learning to output D; € {Suitable, Unsuitabel}. This
process can be formally expressed as maximizing the probability of the output
text given the visual and text inputs:

D, = argmaxP(d|ot, cdisc; Oy, ), d € {suitable, unsuitable} (2)

This VQA formulation allows the VLM to leverage its rich, pre-trained under-
standing of object properties, spatial relationships, and physical affordances to
make an informed judgment about the feasibility of the proposed grasp.

The Generator. When the discriminative component signals a potential failure
(d; = unsuitable), as shown in top row in Figure |3 the system performs a state
rollback of k steps to retrieve a more stable, recent observation, oy, where ¢ =
t — k, and then activate the Generative Model, Mge,, such as a image-to-video
diffusion model (e.g., WAN [35]). The generator receives the observation oy and a
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Fig. 3: The core correction mechanism of our framework. The top row shows
a failed trajectory from the base VLA policy. Upon predicting failure, our system
generates a successful trajectory (middle row). This imagined plan is then decoded
and executed, leading to task success (bottom row).

high-level goal cgen, €.g., “Show the successful grasp of ‘Pick up the apple’ starting
from this view." It then synthesizes a short, physically plausible video sequence,

Vauce = (047, 0¢41, . . ., op 4. 7) that depicts a successful trajectory. This generation
process is a conditional sampling from the model’s learned distribution:
Vauce ~ P(V|Ot’:t’+T7 Cgen eMgen) (3)

3.3 Temporal Action Decoder for Policy Refinement

The final and most crucial step of our framework is closing the corrective loop
by feeding the generated knowledge back into the policy. We take the imagined
successful video Viyce, presented in the middle row in Figure [3] to serve as a
new, potent visual context for getting the successful trajectory. To maximize
resource efficiency, we architect the discriminative module (Mgisc), which also
serves as our behavior parser, acting as the Inverse Dynamic Model (IDM) by
sharing its weights, which can generate refined action with a significantly higher
likelihood of success, denoted as the bottom row in Figure[3] We enable this dual-
role capability through a multi-task Question-Answering (QA) training scheme,
where the model is trained on different QA formats corresponding to its roles as
an evaluator and an actor, e.g. “Query : Infer the 4-step action sequence from
the 5 consecutive images, output actions in order. Output format requirement:

— 1. The result must be a JSON array with exactly 4 elements.
— 2. Each element must be an array of 7 floating-point numbers.
— 3. Do not add explanations, text, or formatting outside the JSON array.

Answer : [[0.001, -0.002, -0.005, -0.016, -0.003, -0.013, 1.0], [0.001, 0.0, -0.013,
-0.035,-0.011, -0.03, 1.0], [0.001, -0.003, -0.011, -0.032, -0.002, -0.006, 1.0], [0.001,
-0.0, -0.006, -0.017, -0.002, -0.0, 0.0]].”
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3.4 Training Objectives

Our framework is optimized holistically through a composite training objective
designed to supervise each part of the rectification process. The base VLA pol-
icy doesn’t need fine-tuning. Concurrently, the training of the world model is
completely following WAN |[35|. The discriminator and action decoder share the
same VLM and are supervised with cross-entropy (CE) loss.

4 Experiments

4.1 Experimental Setup

Experimental Platforms. We evaluated our framework across both real-world
and simulated environments. For real-world validation, we used four challenging
long-horizon tasks on two distinct dual-arm platforms: the Xiaomi Robot, a
wheeled system with two 7-DoF arms, and ALOHA, featuring two 6-DoF arms
with parallel grippers. All real-world experiments were performed on a single
NVIDIA RTX 3090 GPU, with 32 trials conducted per task. For simulation,
we conducted experiments on two platforms, SIMPLER |21] and LIBERO |22],
utilizing three types of robotic arms: WidowX, Google Robot, and Franka.
Initial Base VLA policy. To demonstrate the generalization ability of our
framework, we conduct the experiment on various VLA policies, including Co-
gACT [19], SpatialVLA [28] and MemoryVLA [29]. Crucially, we deliberately
choose not to fine-tune initial policy, since fine-tuning actor policies typically
requires a substantial volume of successful demonstration data, which is difficult
and costly to collect, particularly on real-world robotic platforms.

World Model Training. Our composite world model consists of a discrimi-
nator and a generator. For the discriminator, we curated dataset by manually
and semi-automatically labeling critical keyframes from demonstrations as ei-
ther ’suitable’ or 'unsuitable’ for action transition. This dataset comprises 100k
frames from subset of BridgeV2 [34] and Fractal and 2k frames collected from our
real-world setups, with a balanced 1:1 ratio of positive and negative samples. An
“unsuitable” state is defined as one in which the gripper’s action transfer is not
intended or physically feasible. Upon detecting such state, the robot arm rolls
back m steps (default m=15) to acquire new observation. For the generation
model, we use 33k video clips from the BridgeV2 and Fractal dataset. Addition-
ally, for real-world fine-tuning, we collect 200 successful grasping demonstrations,
100 each from the Xiaomi Robot and the ALOHA system with each video com-
prising 5 to 20 frames.

Temporal Action Decoder. As noted in Sec. the action decoder is shared
with the discriminator. Specifically, we constructed a custom VQA dataset fea-
turing imagined successful videos Vi, to guide the model in generating corrected
action sequences, with ground truth labels derived from the corresponding source
data. To ensure training efficiency, we utilize a multi-task QA structure that en-
ables simultaneous optimization of both the decoder and the discriminator. For
each training step, 5 frames are randomly selected around the key grasp-time.
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The model takes an observation sequence Oy .y and a text prompt L as input
and outputs an action sequence ay ¢, with a default action horizon of T=5.

4.2 Evaluation Performance

To comprehensively validate the effectiveness, efficiency, and real-world applica-
bility of the World-in-Loop, we conducted a series of extensive experiments in
both standardized simulation environments and on a physical robot platform.
The visualization of processing is also shown in Figure

As shown in Table [I} our proposed online correction pipeline consistently
improves performance across both simulation platforms (WidowX and Google
Robot) and diverse base VLA policies, demonstrating strong generalizability.

— On SimplerEnv with WidowX. Our pipeline delivers larger improvements on
grasping success and task success over various baselines (e.g., from 71.9%
— 78.2% for MemoryVLA). Furthermore, for lower-performance VLA pol-
icy, CogACT, the improvement in success rate was even more significant,
increasing by approximately 26.4%.

— On SimplerEnv with Google Robot. Our pipeline boosts success rates by
+0.7%-5.7% over various baselines (e.g., from 61.3% — 67.0% for CogACT
on Visual Matching) and significantly enhances Visual Matching and Variant
Aggregation subtasks.

The improvement of multiple metics indicates that our pipeline can achieve effec-
tive generalization under different policies, providing a reliable correction strat-
egy for real-world applications. Crucially, our framework can plug into any ex-
isting VLA policies or Video Action Models(mimic-video [27], Cosmos policy [15]
etc.), without modifying the architecture of base policy. These results confirm
that our work is not task-specific or platform-specific, but a general-purpose en-
hancement that reliably lifts performance across heterogeneous robotic setups
and learning paradigms.

Real-World Set Up. The benefits of our correction framework are even more
pronounced in the physical world, where unmodeled dynamics and visual noise
are prevalent. Our method not only improves the grasp itself but also positively
impacts the overall task success, indicating a more robust trajectory following
the correction. As summarized in Table[2] we evaluated our framework on a series
of challenging real-world tasks and compared it against the baseline VLA policy.
The performance gap is particularly significant in tasks requiring high precision
under uncertainty, such as "Grasp Watercup" (a 16.7% improvement in success)
and "Grasp Block into Plate" (a 17.3% improvement). The difference between
the "Grasp" and "Success" metrics is also revealing: even when the baseline
manages a grasp, it may be unstable, leading to subsequent failure. Our method’s
higher final success rate indicates that the imagined correction provides a better-
quality grasp, setting the robot up for a more stable and successful completion
of the entire task.
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Table 1: Comparison on SIMPLER with WidowX and Google Robot. T denote the
method fine-tuned in domain. WiL is our World in Loop. Best results are in bold.

SIMPLER with WidowX ‘ SIMPLER with Google Robot
Method Tasks (Grasp/Success %) Ave. ‘ Visual Matching (Success %) ‘Variant Aggregation (Success %)
Spoon Carrot Block Put egg. (G/S) |Pick Move O/C Top Dr. Pick Move O/C Top Dr. A
on towel on plate on block  on basket Coke Near Drawer Apple VE+|Coke Near Drawer Apple V.
RT-17 — — — — — 85.7 44.2 73.0 6.5 52.4189.8 50.0 32.3 2.6 43.7
RT-1-X 16.7/0.0  20.8/4.2 8.3/0.0 0.0/0.0 11.5/1.1 |56.7 31.7 59.7 21.3  42.4(49.0 32.3 294 10.1  30.2
RT-2-X — — — — — 787 779 250 3.7  46.3(823 792 353 206 544

Octo-Base 34.7/12.5 52.8/8.3 31.9/83  66.7/43.1 460,100 170 42 227 00 11.0| 0.6 3.1 1.1 0.0 1.2

Octo-Small ~ 77.8/47.2 87.5/56.9 — — — — | - — — — —
OpenVLA 4.1/0.0 8.3/4.1 56.3  63.0 0.0 34.3160.8 67.7 28.8 0.0 39.3
RoboVLMs' 70.8/45.8 3 54 91.7/79.2 617 435 241 419| — — @ — - —
Spatial VLA 25.0/20.8 ' 58.3/25.0 79.2/70.8 69.6 593 — 719|895 727 418 — 68.8
ThinkAct’ —/b8.3 —/37.5 —/8.7 —/70.8 72.4  50.0 — 84.0 63.8 47.6 — —
Spatial VLAT 20.8/16.7 20.2/25.0 62.5/29.2 100.0/100.0 53.1/42.7 |85.2 78.3 56.1 83 57.0|87.5 721 410 125 533
FWIL 33.3/27.5 62.5/33.3 79.2/50.0 100.0/95.8 68.8/51.7|87.2 79.2 58.1 16.7 60.4|89.1 74.3 42.0 24.0 57.4
CogACT 79.2/66.7 50.0/50.0 41.6/20.8 75.0/66.7 61.5/51.1 |91.3 85.0 71.8 50.9 74.8|89.6 80.8 28.3 46.6  61.3
WL 83.3/75.0 62.5/62.5 62.5/37.5 87.5/83.3 74.0/64.694.7 92.5 74.5 52.6 78.5|91.8 86.3 38.5 512 67.0
MemoryVLA 79.2/75.0 79.2/70.8 54.2/41.7 100.0/100.0 78.2/71.9 |90.7 88.0 84.7 472 77.7|80.5 78.8 53.2 58.3  67.7
FWIL 87.5/79.2 83.3/79.2 70.8/54.2 100.0/100.0 85.4/78.2|93.1 89.2 839 48.1 78.6|82.6 79.3 530 59.8 68.5
Table 2: Real-world results. Table 3: Impact of rollback depth.
| ; . o Put spoon Put carrot Stack green Put eggplant ,
Setting “;xtr;;r;p Girasp Block Move Block 310 ave. SeUingontowel onplate on yellow  on yellow "%
Success (%)-
Grasp (%) Baseline 6.7 50.0 20.8 67  5L1
Boscline 66,7 75.0 750 6.7 709 w/o Rollback 50.0 50.0 417 750 542
Ours 799 917 ’75 833 85.4 Correction with Rollback

Fa— Rollback 5 x steps  58.3 50.0 375 750 552

uccess (%). Rollback 10 x steps  66.7 58.3 417 792 615

— - - ; Rollback 15 x steps 750 62.5 375 83.3  64.6

Baseline ~ 54.2 o§'3 75.0 6?‘7 63.6 Rollback 20 x steps 6.7 58.3 417 7.0 604

Ours 70.9 75.0 83.3 75.0 76.1 Rollback 25 x steps  62.5 54.2 417 750 584

4.3 Ablation Study

Ablation on rollback mechanism. The results, presented in Table [3] sys-
tematically evaluate the impact of generative correction and the state rollback
mechanism. First, we evaluate the base VLA policy as the performance floor.
In the Correction w/o Rollback setting, the WM attempts to correct the policy
from the immediate state where failure is predicted. We observe that this ap-
proach provides marginal benefits which suggests that by the time a failure is
imminent, the state may already be irrecoverable, limiting the effectiveness of
any correction attempted from that point. Second, we analyze the effect of Cor-
rection with Rollback at varying depths (5, 10, 15, 20 and 25 steps). The results
show a clear and positive trend: increasing the rollback depth generally improves
task success rates. By reverting to an earlier, "healthier" state, the generative
model is provided a more viable starting point to imagine a successful trajectory.
When rollback to 20 steps, video generation models suffer from "hallucinations"
and temporal drift over long horizons introduces significant accumulated errors
that the temporal action decoder cannot effectively resolve. This confirms that
the state rollback is a critical component of our framework, enabling the agent
to effectively escape near-failure states and replan a successful course of action.
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Table 4: Ablation study on maximum intervention. We analyze how different retry
constraints affect trigger frequency, success rate, execution steps, and overall efficiency.

Intervention Trigger Freq. Success Avg. Exec. Avg. Latency Efficiency
Limit (Max) (Times/Ep.) Rate (%)  Steps (s/Ep.) (Ep./min)
Baseline (CogACT) - 51.1 67.8 15.7 1.92
Max =1 0.23 63.5 59.5 15.2 2.51
Max =2 0.29 65.6 58.3 15.4 2.56
Mazx =3 0.33 65.6 60.1 16.2 2.43
Maz = oo 0.55 66.7 65.7 18.1 2.21

Ablation on Maximum Intervention Limits. To systematically evaluate
operational efficiency, we analyzed performance across 96 evaluation episodes
on the WidowX platform under varying maximum intervention limits (Max €
{1,2,3,00}), as detailed in Table |4} Surprisingly, our evaluation reveals a coun-
terintuitive latency reduction: enabling the World Model for a single retry (Maxz =
1) actually decreases the average episode latency (15.2s) compared to the
baseline (15.7s), despite the approximately 4-second generative overhead. This
occurs because the baseline policy often fails to detect errors (e.g., a missed
grasp) and continues executing meaningless actions until its 120-step horizon
timeout. In contrast, our critic model acts as an early-warning system that
intervenes to truncate these doomed trajectories. The time saved by reducing
the average execution steps (from 67.8 to 59.5) effectively offsets the genera-
tive computational cost. To measure real-world viability, we further evaluated
the success-per-minute metric, where the Max = 2 setting achieves the highest
efficiency at 2.56 episodes/min compared to the baseline’s 1.92. However, in-
creasing the intervention limit yields diminishing returns. Performance plateaus
after increasing to Max = 3 yields no additional improvement in success rate
(65.6%) but increases latency (16.2s). While an unbounded intervention setting
(Max = o) provides a marginal success gain (66.7%) by resolving a few residual
hard cases, it causes a spike in trigger frequency (0.55) and increases average
latency to 18.1s. This significant efficiency penalty renders the unbounded con-
figuration less practical for deployment compared to bounded settings.

Model Size and Inference Latency. To identify the optimal operating point
for real-world deployment, we performed a comprehensive ablation study eval-
uating the trade-off between model size and inference latency across different
configurations (Table [5)). In our first configuration (Setting-1), we utilize a 3B
Discriminator (0.3s) and a 5B Generator (4s), achieves a +13.5% success rate im-
provement on the WidowX platform (64.6% compared to the 51.8% baseline) by
keeping the intervention cost at approximately 4 seconds. In contrast, Setting-2
configuration scales the models to 7B and 14B, which boosts the success rate
improvement to +21.1% by significantly increases the latency to approximately
21 seconds. Although Setting-2 clearly demonstrates the strong scaling poten-
tial of our World-in-Loop, the high latency makes it less suitable for real-time
execution. Consequently, while larger models highlight the framework’s upper
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Table 5: Metrics under different model size of discriminator and generator.

Discriminator (QwenVL-2.5) Generator (WAN)
DParams. 3B 7B 5B(V2.2) 14B(V2.1)
Latency 0.3s 0.9s 4s 21s
Positive Rate 90.1% 93.1% \ \

WidowX Google-VM Google-VA Real robot

Base policy (CogACT) 51.1% 74.8% 61.3% 63.6%
Setting-1 3B oB

64.6%(+13.5)  T85%(+3.7)  67.0%(+5.7)  76.1%(+12.5)
Setting-2 B 14B

(Large Model size) T2.0%(121.1)  T8.9%(+4.1)  68.6%(+7.3)  SL3%(+17.7)

performance limits, we consider Setting-1 the optimal balance for real-time de-
ployment, which justifies its selection for the main experiments.

Failure Mode Analysis and Trigger Mechanism Validation. To further
understand the failure patterns of the base policy, we conducted a statistical
analysis of 100 failed episodes across three platforms (WidowX, Google Robot,
and Real Robot). The distribution of failure stages is summarized in Fig. Ela.
Notably, failures during the approach phase are remarkably rare, accounting for
only 1% of the total. This indicates that VLA policies are generally robust at
identifying the target and reaching its vicinity, and triggering interventions dur-
ing approach would yield diminishing returns. In contrast, the vast majority of
failures (88%) occur precisely at the moment of grasping (e.g., gripper misalign-
ment or timing errors), which strongly validates our framework’s design: trig-
gering the world model intervention specifically at the keyframe. The remaining
11% of failures happen during the transport phase after grasping. We honestly
acknowledge that our current vision-based framework cannot resolve these ir-
reversible physical failures (e.g., object drop) because pure vision-based system
sometimes blocks the object view and lacks the tactile or force feedback neces-
sary to perceive contact loss. Addressing these dynamic failures during transport
is the necessary next step for robust manipulation, which is presented in Sec. 5]

Post-Grasp (11/100)) Approach (1/100):
- Dropped object A - Cant locate object

True Positive (TP)
Correct Inactive|
(n = 144)

No Intervention

X (n=157)
Total Trials

Failures: (N =200) False Positive (FP)
100 Missed Trigger [l

Grasping (88/100): Grasping (88/100): (=13

- Grasp failed -Gi carly Fa'fEEA'a"" L —
— = Sul:cessl

intervention .

ITnggered Vaiid Trigger (T~ °%)

(n=43) N — Correction
Failed Il

(n=12)

a. Distribution of Failure Stage b. Analysis of Trigger Mechanism

Fig. 4: The analysis of failure mode and trigger effectiveness of the World Model.
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Analysis of WM Trigger Frequency and Effectiveness. We conduct a
comprehensive statistical analysis of the system activation frequency of our cor-
rection loop. As detailed in Fig. [@lb, we randomly analyzed 200 trials across
multi-task benchmarks using our event-triggered loop on the CogACT base pol-
icy. The results demonstrate that our World Model trigger mechanism is highly
selective and efficient. In our evaluation, the correction loop was activated in
only 21.5% of total episodes (FN-+TN=43/200), meaning that in the remaining
78.5% of cases, the base policy executed successfully without any extra latency
or interruption. Furthermore, the valid trigger rate, representing the necessity
of interventions, was notably high, achieving 86% (T'N/(T'N + FN) = 37/43),
where the True Negative presents the discriminator correctly predicted an in-
consistency with base policy and triggered a correction.

Table 6: Performance comparison with lightweight corrective adapter.

. Google Robot Real-world
Settings
Grasp.avg Succ.avg Grasp.avg Succ.avg
Baseline (CogACT) 61.5 51.1 70.9 63.6
41 RollBack+CogACT Decoder 63.5 52.1 74.0 65.6
RollBack+Diffusion-Policy [12] 67.7 56.2 79.2 70.8
Ours [RollBack + WM + IDM] 74.0 64.6 85.4 76.1

Value of Imagination (vs. Lightweight Adapter). To isolate the contribu-
tion of generated videos, we compare a baseline trajectory decoder and a simple
diffusion-based [12]| replanning under the same rollback setting. #1 in the ta-
ble shows that WM-based visual futures leverage pretrained physical priors and
provide stronger dense task guidance than action-only replanning.

Table 7: Video generation performance evaluation.

Method SSIMt PSNR{1 LPIPS| FVD|
Cosmos-predict [32] (action-cond) 24.95 0.85 0.030 146
Wan2.2 [35] (5B) 2156 0.81  0.041 163
Wan2.1 35 (14B) 26.27 090  0.026 131

Video Generator Evaluation. To ensure that the video generator produces
reliable and semantically coherent generations, we first evaluate its generative
quality. Specifically, given a test dataset of image-instruction pairs, the video
generator takes an initial image and a high-level task instruction as input, and
predicts the video sequence corresponding to the execution of that instruction.
The generated frames serve as the primary visual basis for subsequent action
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decoding, ensuring high visual fidelity is critical to the overall reliability of the
pipeline. As shown in Tab. [7] the fine-tuned world model achieves high-quality
generation in both simulation and real-world settings, producing temporally co-
herent and photorealistic outputs with minimal structural or perceptual distor-
tion. The strong alignment between evaluation metrics of different world models
further demonstrates the robust generalization, thereby providing a reliable vi-
sual foundation for action decoding.

) SimplerEnv with WidowX : Put Eggplant in Yellow Basket

Start

R 2> Move >>  Critc >> Rollback > Generation & Decode »

© SimplerEny with Google: Move Bottle Near Orange

Y Yo |

Grasp » Success

Start _ >> Move > Critic > Rollback
Real Robot : Grasp Yellow Block into Plate
© Real Robot : Grasp Yellow Block into Pl

Generation & Decode 2> Success

Start >> Move >> Critic >  Rollback D>

Generation & Decode >>  Grasp 5> Success

Fig. 5: Qualitative examples of our failure correction process. Each row shows a se-
quence: (a) the initial failed grasp proposed by the base VLA, (b) the rolled-back state,
(c) a keyframe from the imagined successful video generated, and (d) the final success-
ful grasp executed by our framework. Examples are shown for (i) WidowX and (ii)
Google Robot in simulation, and the (iii) Xiaomi Robot in the real world.

Intervention in SimplerENV with Widowx

Intervention in SimplerENV with Google
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80
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50
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Fig. 6: Robustness to online perturbations in simulation environments.
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4.4 Qualitative of Failure Prediction and Correction

We demonstrate our method’s efficacy through qualitative failure correction ex-
amples and quantitative robustness tests. Fig. [o| illustrates our end-to-end cor-
rection pipeline: Where a Critic identifies failed VLA base-grasps to trigger a
state rollback, enabling a video generator to imagine successful demonstrations
for decoding and executing corrected actions. To evaluate robustness, we intro-
duced controlled perturbations during tasks (Fig. @ Unlike baselines that either
fail or simply halt, our framework maintains a significantly higher success rate
under increasing interference. This highlights our framework’s superior ability to
handle unexpected online disturbances through proactive, generative correction
rather than just passive failure detection.

5 Conclusion and Limitation

We introduced World-in-Loop, a novel framework that enhances Vision-Language-
Action (VLA) models by integrating a lightweight, event-driven composite World
Model (WM) for online policy correction. By repurposing the WM as an active
"corrector" rather than a passive predictor, our system triggers discriminative
evaluation and generative "imagination" only at critical grasp keyframes, sig-
nificantly reducing the computational burden of continuous rollouts. The future
research will aim to expand this self-correction paradigm into a general-purpose
policy-agnostic framework capable of stabilizing a broader range of complex,
long-horizon manipulation tasks beyond VLA-based policy.

Clarify on Generalization Beyond Grasping. In this manuscript, we in-
tentionally focused on grasping tasks to validate the core Propose-Evaluate-
Imagine-Correct loop, as grasping is a fundamental precursor to the majority
of embodied manipulation tasks (e.g., folding clothes requires an initial grasp).
However, it is crucial to clarify that our framework is not inherently limited to
this domain. Our experimental evaluations already encompass a diverse range
of manipulation skills, including mowving, pushing, stacking, picking, and
opening/closing tasks, the framework is agnostic to the specific action type
and can extend to any task involving distinct state transitions. Generalizing
this framework to other manipulations like folding clothes is a very exciting and
logical next step, as noted in our future work.
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