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Abstract—Vision-Language-Action (VLA) models have demon-
strated significant potential in real-world robotic manipulation.
However, pre-trained VLA policies still suffer from substantial
performance degradation during downstream deployment. Al-
though fine-tuning can mitigate this issue, its reliance on costly
demonstration collection and intensive computation makes it im-
practical in real-world settings. In this work, we introduce VLA-
Pilot, a plug-and-play inference-time policy steering method for
zero-shot deployment of pre-trained VLA without any additional
fine-tuning or data collection. We evaluate VLA-Pilot on both
simulation and real-world experiments across distinct robotic
embodiments. Experimental results demonstrate that VLA-Pilot
substantially boosts the success rates of off-the-shelf pre-trained
VLA policies, enabling robust zero-shot generalization to diverse
downstream tasks and embodiments. Experimental videos and
code are available at: https://rip4kobe.github.io/vla-pilot/.

Index Terms—Imitation Learning, Manipulation Planning,
VLA Models, Test-Time Scaling, Diffusion Optimization

I. INTRODUCTION

RECENT advances in VLA models have substantially im-
proved the generalization capabilities of robotic manip-

ulation [1], [2], [3], [4], [5], [6]. By learning from large-scale
demonstrations [7], these generalist policies enable robots to
acquire a wide repertoire of skills. At inference time, they can
perform diverse and contextually appropriate tasks by stochas-
tically sampling actions from the learned skill distribution.
Despite these advances, pre-trained VLA policies often suffer
performance degradation when deployed on downstream tasks
[8]. A common approach to mitigate such deployment failures
is fine-tuning with task-specific data [9]. While effective, this
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Fig. 1. Illustration of VLA policy steering. Prior methods enhance pre-
trained VLA policies for downstream tasks through training-time policy fine-
tuning. In contrast, we propose VLA-Pilot, an inference-time policy steering
method that enables zero-shot deployment of pre-trained VLA policies without
any additional fine-tuning or data collection.

strategy is impractical in real-world applications due to the
high cost of data collection and computational resources, as
well as the risk of compromising the generalist capabilities
of the pre-trained policies. In fact, such deployment failures
do not necessarily indicate that the pre-trained VLA policy
is incapable of generating the correct behavior. The desired
behavior mode may already exist within the policy’s generative
distribution, but due to suboptimal mode selection at runtime,
it fails to be executed reliably [10].

Inference-time policy steering [10], [11], [12], [13], [14]
offers an elegant solution to the mode selection problem in
pre-trained generative robot policies. By leveraging an external
verifier to evaluate and select task-aligned candidate actions
proposed by the pre-trained policy, robot behavior can be
effectively steered at runtime without the need for policy fine-
tuning. However, existing methods face two key limitations.
First, the verifiers used in these approaches typically require
additional training and often exhibit limited generalization due
to the narrow distribution of their training data [10]. Second,
these methods rely solely on selecting actions from a fixed
set of proposals [13], [10]. However, in complex downstream
tasks, the pre-trained VLA policy may fail to generate any
candidate action that aligns with the task context. In such
cases, the verifier cannot recover a successful behavior through
selection alone, leading to steering failures during deployment.

To address these limitations, we propose VLA-Pilot, a
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Fig. 2. Overview of VLA-Pilot. Given a task context, VLA-Pilot steers a pre-trained VLA policy at inference-time via three key steps: 1) Steering Objective
Reasoning employs EPS-CoT module to reason a task-aligned steering objective reward from the given task context; 2) Action Proposal Optimization leverages
Evolutionary Diffusion to score and optimize action proposals from the pre-trained VLA based on the reasoned objective reward, and executes the highest-
scoring proposal; 3) Iterative Steering Refinement integrates post-execution reflection into the EPS-CoT reasoning loop, enabling closed-loop refinement for
improved steering accuracy and robustness.

training-free inference-time policy steering method that im-
proves both the generalization and task alignment of pre-
trained VLA policies for downstream deployment (as shown
in Figure 1). Our core idea is to leverage Multimodal Large
Language Model (MLLMs) as open-world verifiers to en-
hance generalization, and to employ an Evolutionary Diffusion
process as an action optimizer to improve task alignment.
Specifically, given a downstream task context, VLA-Pilot
first employs an Embodied Policy Steering Chain-of-Thought
(EPS-CoT) module to infer steering objectives reward using
the open-world reasoning capabilities of MLLMs. This re-
moves the need for training task-specific verifiers and sig-
nificantly improves generalization to out-of-distribution tasks.
Next, VLA-Pilot introduces a novel Evolutionary Diffusion
algorithm to optimize action proposals sampled from the pre-
trained VLA policies. Unlike previous selection-based steering
method, Evolutionary Diffusion not only selects, but also
evolves action candidates toward a task-aligned distribution,
enabling effective policy steering even when initial proposals
are suboptimal or infeasible. Finally, VLA-Pilot incorporates
an iterative steering refinement mechanism to perform closed-
loop correction, enhancing steering accuracy and robustness.
An overview of VLA-Pilot is shown in Figure 2. In summary,
we explore a promising paradigm that focuses on maximizing
the utility of existing VLA models during inference, rather
than pursing increasingly larger datasets and architectures.
We demonstrate that the pre-trained VLA models already
encapsulate sufficient latent knowledge to solve new tasks, and
that such knowledge can be effectively extracted and aligned
with task objectives through the proposed steering mechanism.

Our contributions are threefold:
• VLA-Pilot, a plug-and-play inference-time policy steer-

ing method that enables zero-shot generalization of frozen
VLA policies across diverse downstream tasks and em-
bodiments without requiring any additional policy fine-
tuning or data collection.

• An Embodied Reasoning Guided Evolutionary Diffusion
strategy that jointly infers generalized steering objectives
and optimizes action proposals for enhanced task align-
ment.

• We conduct extensive experiments across six real-world
manipulation tasks and two distinct robotic embodiments.
Results show that VLA-Pilot improves the average suc-
cess rate of two pre-trained VLA policies by 31%,
significantly outperforming all baseline methods.

II. RELATED WORK

A. Inference-Time Policy Steering

Inference-time policy steering has emerged as a promising
approach to enhance generalist VLA policies without fine-
tuning [10], [11], [12], [13], [15], [16], [17]. It assumes the
pre-trained policy can generate viable actions but struggles
with selection. To address this, external verifiers such as
human feedback [12], Q-functions [10], [16], or VLMs [13],
[17] are used to score and choose among action proposals.
Our work builds upon the use of Foundation Models (FMs)
as verifiers [13], while introducing two key innovations.
First, instead of explicitly scoring proposals, we leverage
FMs reasoning to infer implicit task goals and synthesize a
high-level reward objective. Second, we go beyond selecting
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from fixed proposals by introducing an Evolutionary Diffusion
algorithm that refines the proposal distribution toward the
inferred objective. This shift from static action selection to
dynamic action optimization improves steering robustness and
generalization.

B. Foundation Models for Robot Manipulation

Recent advances in Foundation Models [8] have signifi-
cantly advanced robotic manipulation by providing general-
izable semantic priors. Existing studies primarily explore two
distinct avenues: high-level task planning [18], [19] and low-
level skill generation via reward synthesis [20], [21], [22].
While our method aligns more closely with the latter, it
introduces a key distinction in how the synthesized reward
is utilized. Prior works either employ derived rewards to su-
pervise policy training [21], [22], or as direct control signals at
execution time [20]. In contrast, we propose a novel inference-
time policy steering mechanism, wherein the synthesized re-
ward is used to guide a frozen VLA policy at deployment via
online reward-conditioned action optimization. This enables
flexible, zero-shot adaptation to novel task variations without
requiring policy updates or additional interaction data.

III. METHODS

A. Problem Formulation

Given a downstream task context ct = (ot, l) that contains
visual observation ot and language instruction l, we study the
policy steering problem for a pre-trained diffusion-based VLA
policy πvla(at | ct). The objective is to identify an action
proposal a⋆t that best aligns with ct at runtime:

a⋆t = arg max
at∈A0

R(at; ct), (1)

where A0 = {ait ∼ πvla(at | ct)}Mi=1 is M i.i.d. action propos-
als sampled from the pre-trained VLA policy, and R(at; ct)
denotes a steering objective reward that measures how well
action at aligns with the task context ct. Solving the policy
steering problem defined in Eq. 1 requires two key capabilities:
steering objective reasoning and action proposal optimization.
The first involves inferring a task-aligned objective reward
R(at; ct) from the context ct. VLA-Pilot addresses this via
the EPS-CoT module, which leverages MLLMs to reason
about open-world steering objectives. The second capability
involves searching within the action distribution of the pre-
trained VLA policy to identify feasible actions. VLA-Pilot
addresses this via Evolutionary Diffusion, which iteratively
scores and mutates sampled action candidates based on the
steering reward R(at; ct), enabling effective adaptation to
downstream task requirements.

B. Steering Objective Reasoning

The first step in policy steering is to infer a task-aligned
steering objective reward R(at; ct) from the given context ct.
Our key insight is that the policy steering problem in VLA
bears a strong analogy to the prompting problem in LLMs.
Therefore, inspired by the effectiveness of Chain-of-Thought
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Fig. 3. Embodied Policy Steering Chain-of-Thought. EPS-CoT guides the
steering objective reasoning process through a structured CoT.

(CoT) [23], we propose Embodied Policy Steering Chain-of-
Though, a structured reasoning module designed to generate
steering objective rewards:

R(at; ct) = FEPS-CoT(ΦMLLM(ct)). (2)

As illustrated in Figure 3, EPS-CoT decomposes the rea-
soning process into four interleaved stages. It begins with
steering goal confirmation, where the MLLM is prompted to
rephrase and verify the language instruction in order to ensure
alignment between the task demand and the steering goal.
Following this, the MLLM performs scenario understanding,
where it interprets the task context and identifies potential
action modes based on the visual observation. This step
facilitates a high-level understanding of the task scenario,
including environmental affordances, spatial relationships, and
task-relevant entities. To further ground embodied information
in the reasoning process , EPS-CoT incorporates embodied
augmentation [24], which enhances the reasoning by integrat-
ing spatial keypoints of robot end-effector position and object
location extracted via vision foundation models, namely DINO
[25] and SAM [26]. Finally, based on scenario understanding
and embodied information, EPS-CoT infers the task-aligned
steering objective and generates the corresponding scoring
reward code. Given the inherent ambiguity and imprecision
of natural language instructions, we implement the reward
as a non-differentiable black-box scoring function [27]. This
formulation effectively captures the vague yet goal-directed
nature of language, while also simplifying the reasoning
process required by the MLLM.

C. Action Proposal Optimization

To improve task alignment of initial action proposals, we
introduce an Evolutionary Diffusion algorithm that syner-
gistically leverages the multimodal expressiveness of diffu-
sion process and the black-box optimization of evolutionary
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search [28]. The proposed algorithm begins by sampling initial
action proposals A0 of M actions using the pre-trained VLA
policy:

A0 = {ait ∼ πvla(at | ct) | i = 1, . . . ,M}. (3)

We then perform an evolutionary search loop to iteratively
evaluate and mutate the initial proposal set using the steering
objective reward R(at; ct). Specifically, at each evolution-
ary iteration k, we score the proposal set {R(ait; ct)|ait ∈
Ak−1}Mi=1 and select high-scoring elite proposals Ek ⊆ Ak−1:

q(at) =
exp (τR(at; ct))∑M
i=1 exp

(
τR(ait; ct)

) (4)

Ek =
{
ait

iid∼ q(at)
}M

i=1
, (5)

where τ is a tunable temperature parameter controlling the
sharpness of q. To further enhance proposal diversity and
explore task-aligned actions, we apply a truncated diffusion-
denoising process to mutate elite proposals Ek (see Figure 4).
Specifically, we run the first n steps of the forward diffusion
process to obtain noised elite proposals Ēk:

Ēk =
{√

ᾱNat +
√
1− ᾱN ϵ

∣∣ at ∈ Ek
}
, (6)

where ϵ ∼ N (0, 1), ᾱN denotes the cumulative product of
noise schedule coefficients up to diffusion step N . However,
directly applying forward diffusion may lead to Ēk drifting out
of the original VLA distribution due to the stochastic nature
of the noise. Therefore, we subsequently perform the final n
steps of the reverse diffusion process, using the noise predictor
from the pre-trained VLA policy to denoise Ēk and obtain the
refined proposals Ak for propagation, ensuring they lie within
the original data manifold:

Ak =
{
āt ∼ πvla(āt | ct)

∣∣ āt ∈ Ēk
}
. (7)

Finally, after the evolutionary search loop is completed, we
select the highest-scoring elite action that best aligns with the
steering objective for execution.

D. Iterative Steering Refinement

We introduce an Iterative Steering Refinement mechanism
that facilitates closed-loop correction of both the steering
objective and the resulting actions. Concretely, we augment
the original EPS-CoT reasoning module with a reflection
step [21], in which the MLLM is prompted using four key
components: the robot initial action a0 before the steering
process, the selected execution proposal a⋆t , the updated post-
execution task context c̄t, and the reasoning history Ht from
the preceding EPS-CoT step. Given this reflection-augmented
input, the MLLM serves as a self-critic to refine the steering
reward R(ait; ct) and produce the steering success indicator s:

s = FEPS-CoT(ΦMLLM(a0, a
⋆
t , c̄t,Ht)). (8)

If the MLLM detects inconsistencies in the inferred steering
reward, a new reward is regenerated. Similarly, if the executed
action is misaligned with the task context (i.e., s = False),
VLA-Pilot continues the refinement process until a maximum
number of retries is reached. This closed-loop refinement
ensures improvement in both the accuracy and contextual
relevance of the steering process. The complete workflow of
our proposed VLA-Pilot is summarized in Algorithm 1.

Algorithm 1: Inference-Time VLA Policy Steering
Input: Pre-trained VLA πvla(at | ct), task context ct,

MLLM ΦMLLM, max retries Nmax
Output: Task-aligned action a⋆t
// Steering objective reasoning

1 R(at; ct)← FEPS-CoT(ΦMLLM(ct));
// Action proposal optimization

2 Initial proposal sampling:
A0 = {ait ∼ πvla(at | ct) | i = 1, . . . ,M};

3 for k = 1 to K do
4 Proposal scoring: {R(ait; ct)|ait ∈ Ak−1}Mi=1;
5 Compute score distribution:

q(at) =
exp(τR(at;ct))∑M

i=1 exp(τR(ai
t;ct))

;

6 Elite selection: Ek =
{
ait

iid∼ q(at)
}M

i=1
;

7 Elite diffusion:
Ēk =

{√
ᾱNat +

√
1− ᾱN ϵ

∣∣ at ∈ Ek
}

;
8 Elite denoising:

Ak =
{
at ∼ πvla(at | ct)

∣∣ at ∈ Ēk
}

;

9 a⋆t ← argmaxat∈AK R(at; ct);
// Iterative steering refinement

10 c̄t,Ht ← EXECUTE(a⋆t );
11 s← FEPS-CoT(ΦMLLM(a0, a

⋆
t , c̄t,Ht));

12 if s = True then return success;
13 else
14 if retry count < Nmax then restart from step 1;
15 else return failure;

IV. EXPERIMENTS

We perform extensive experiments in both simulation and
real-world to investigate the following questions: 1) Can VLA-
Pilot improve the downstream performance of off-the-shelf,
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pre-trained VLA policies? 2) How does its performance com-
pare to state-of-the-art policy steering baselines? 3) How does
VLA-Pilot compare to direct fine-tuning of the underlying
VLA policy? 4) Can VLA-Pilot enable cross-embodiment
generalization? 5) What are the individual contributions of
its core components? 6) What is the inference-time latency
introduced by VLA-Pilot?

A. Setup
1) Implementation details: We instantiate the EPS-CoT

using GPT-4o with a temperature of 0.2 and a maximum output
length of 1000 tokens. For evolutionary diffusion, we sample
an initial population of 32 action proposals and perform
10 steps of evolutionary search to iteratively refine actions,
balancing search diversity and computational efficiency during
inference.

2) Task settings: We adopt two widely used simula-
tion benchmarks for evaluation: RoboTwin [29] and Man-
iSkill3 [30]. For single-arm settings, we evaluate on four
representative tasks from ManiSkill3: PickCube, StackCube,
PlugCharger, and PegInsertionSide. For dual-arm settings, we
focus on two representative tasks from RoboTwin: LiftPot and
DumpBin. Real-world experiments were conducted using the
dual-arm DOBOT X-Trainer system, which consists of two 6-
DoF Nova2 manipulators, each equipped with a 1-DoF gripper.
The setup includes three Intel RealSense cameras for capturing
RGB image observations (see Figure 5(a)). The evaluation
covers six downstream tasks: four relatively simple single-arm
manipulations and two more complex dual-arm tasks (Fig-
ure 5(b)). To assess generalization capabilities, we designed
two types of task scenarios: In-Distribution (ID) and Out-of-
Distribution (OOD), depending on whether the scenario had
been encountered by the external verifier used in baseline
steering methods during training. For each scenario, five task-
specific language instructions were provided to evaluate the
performance of each method.

4) Evaluation metrics: Two quantitative metrics are adopted
for the experiments. Manipulation Success Rate (MSR)
measures the proportion of trials that successfully complete
the downstream task. Steering Objective Alignment (SOA)
quantifies the proportion of trials where the post-execution
state falls within a predefined threshold of the target keypoint,
indicating alignment with the intended steering objective.

5) Baseline methods: We evaluate VLA-Pilot against the
following baselines:

• Diffusion-VLA (DiVLA) [3], a 2B parameter pre-trained
VLA policy that integrates autoregression with a diffusion
model;

• RDT-1B [2], a diffusion-based VLA policy for general-
ized robotic manipulation;

• V-GPS [10], an inference-time VLA policy steering
method that selects optimal action using a trained value
function-based verifier;

• FOREWARN [13], a VLM-in-the-loop policy steering
method that combines a World Model with a fine-tuned
VLM verifier for action ranking. For each task, we col-
lected 100 demonstrations and 200 VLA policy rollouts
to train the World Model and fine-tune the VLM verifier.

• DiVLA-finetune, a DiVLA policy fine-tuned on 50 task
demonstrations;

• RDT-1B-finetune, an RDT-1B policy fine-tuned on 50
task demonstrations.

• ReKep [20], a VLM-guided manipulation baseline that
leverages keypoint constraints for trajectory optimization.

B. Results

VLA-Pilot Improves Pre-trained VLA Policy. Across all
six simulation tasks, VLA-Pilot consistently outperforms its
VLA baselines, achieving an average MSR of 0.65, which
is 0.15 higher than the base RDT-1B policy (Table I). In
real-world experiments (Table II), VLA-Pilot improves both
DiVLA and RDT-1B across all six downstream tasks, with
average MSR gains of +0.31 and +0.30, respectively. Qualita-
tive results (Figure 5) further support these findings, demon-
strating that the integration of VLA-Pilot facilitates zero-shot
deployment of pre-trained VLA policies to downstream tasks.
We observe that failure cases of VLA baselines primarily stem
not from action infeasibility, but from inconsistent selection of
task-relevant actions. For example, in the Mug Handling task,
which involves diverse manipulation modes (e.g., grasping,
lifting, pouring), DiVLA achieves an MSR of 0.54, indicating
that valid actions can be generated. However, due to its
inability to consistently select actions aligned with the task
semantics, its final MSR is significantly lower than the version
augmented with VLA-Pilot, which achieves a much higher
MSR of 0.75.

VLA-Pilot Outperforms Steering Baselines. We compare
VLA-Pilot against V-GPS and FOREWARN by integrating
each with DiVLA. As shown in Table II, VLA-Pilot achieves
higher average MSR and SOA across tasks. On simple tasks
(e.g., Mug Handling, Bag Handling), all methods perform sim-
ilarly. However, VLA-Pilot shows clear advantages on com-
plex tasks (e.g., Bimanual Bussing, Zippering). We attribute
this advantage to the proposed evolutionary strategy. In simple
tasks, pre-trained VLA polices typically generate candidates
that already include feasible behaviors (e.g., approaching the
mug handle or bag corner), making static ranking and selection
sufficient. In contrast, complex tasks demand fine-grained co-
ordination, where initial candidates often lack viable execution
patterns. Baseline methods that rely solely on post-ranking
and selection frequently fail under such settings (Figure 6(a)).
Even increasing the number of proposals does not guarantee
the inclusion of feasible actions (Figure 6 (b)). VLA-Pilot
addresses this limitation by employing Evolutionary Diffusion
to evolve elite action proposals toward a target distribution
with higher feasibility and task alignment (Figure 6(c)). This
enables VLA-Pilot to achieve performance comparable to fine-
tuned policies (Figure 6(d)). Under OOD settings, VLA-Pilot
maintains strong performance with an average MSR of 0.50
(Table III), while V-GPS and FOREWARN drop to 0.12 and
0.19, respectively. This generalization capability stems from
the use of MLLMs for open-world objective reasoning, in
contrast to the dataset-specific verifiers used by baselines.

VLA-Pilot Matches Fine-tuning Performance. We com-
pare VLA-Pilot with supervised fine-tuning methods, namely
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TABLE I
SIMULATION RESULTS ON ROBOTWIN AND MANISKILL3 BENCHMARKS

ManiSkill RoboTwin

Method PegInsertion PickCube PlugCharger StackCube LiftPot DumpBin Avg.MSR(↑)

ReKep 0.20 ± 0.04 0.80 ± 0.06 0.04 ± 0.00 0.80 ± 0.05 0.79 ± 0.03 0.70 ± 0.04 0.56 ± 0.03
RDT-1B 0.13 ± 0.05 0.77 ± 0.07 0.01 ± 0.02 0.74 ± 0.06 0.72 ± 0.04 0.64 ± 0.05 0.50 ± 0.04
RDT-1B+ours 0.24 ± 0.05 0.92 ± 0.09 0.11 ± 0.04 0.91 ± 0.06 0.92 ± 0.08 0.79 ± 0.05 0.65 ± 0.06
w/o EPS-CoT 0.17 ± 0.06 0.83 ± 0.08 0.05 ± 0.03 0.84 ± 0.07 0.83 ± 0.05 0.71 ± 0.06 0.57 ± 0.06
w/o Evolutionary Diffusion 0.14 ± 0.03 0.81 ± 0.05 0.02 ± 0.01 0.80 ± 0.04 0.80 ± 0.06 0.66 ± 0.07 0.54 ± 0.05
w/o Iterative Refinement 0.18 ± 0.04 0.90 ± 0.06 0.04 ± 0.02 0.89 ± 0.05 0.87 ± 0.07 0.69 ± 0.04 0.60 ± 0.05

Each method was evaluated in a standardized setting using 250 episodes per task (10 training seeds 25 episodes per seed). We report the avergae MSR and the standard deviation
across different seeds.

TABLE II
REAL-ROBOT EXPERIMENT RESULTS ACROSS SIX DOWNSTREAM TASKS

Tasks
DiVLA RDT-1B DiVLA+V-GPS DiVLA+FOREWARN DiVLA+Ours RDT-1B+Ours

Avg.
MSR(↑)

Avg.
MSR(↑)

Avg.
MSR(↑)

Avg.
SOA(↑)

Avg.
MSR(↑)

Avg.
SOA(↑)

Avg.
MSR(↑)

Avg.
SOA(↑)

Avg.
MSR(↑)

Avg.
SOA(↑)

Mug Handling 0.54 0.51 0.68 0.83 0.71 0.85 0.75 0.88 0.74 0.85
Bag Handling 0.51 0.51 0.66 0.75 0.69 0.77 0.72 0.83 0.73 0.78

Basket Flipping 0.42 0.40 0.48 0.60 0.52 0.65 0.67 0.73 0.65 0.70
Table Bussing 0.17 0.16 0.21 0.38 0.30 0.42 0.63 0.72 0.63 0.68

Bimanual Bussing 0.11 0.12 0.13 0.32 0.21 0.34 0.58 0.67 0.55 0.63
Bimanual Zippering 0.08 0.07 0.10 0.15 0.13 0.28 0.39 0.55 0.31 0.53

Overall 0.31 0.30 0.38 0.51 0.43 0.55 0.62 0.73 0.60 0.69

TABLE III
OUT-OF-DISTRIBUTION TASK PERFORMANCE

Tasks V-GPS FOREWARN Ours

Basket Flipping 0.20 ± 0.03 0.36 ± 0.07 0.64 ± 0.02
Bimanual Bussing 0.10 ± 0.01 0.13 ± 0.05 0.54 ± 0.03
Bimanual Zippering 0.05 ± 0.02 0.07 ± 0.01 0.33 ± 0.035

Overall 0.12 0.19 0.50

DiVLA-finetune and RDT-1B-finetune on all six tasks. As
shown in Figure 7, VLA-Pilot achieves performance compa-
rable to these fine-tuning approaches. Notably, these results
support a key finding from earlier experiments: the failures of
pre-trained VLA policies are often not due to skill inefficiency,
but rather task misperception or suboptimal action selection.
In such cases, fine-tuning the policy may be unnecessary.
Instead, adapting existing policies via inference-time steering
can effectively recover their capabilities.

TABLE IV
CROSS-EMBODIMENT TASK PERFORMANCE

Method Mug
Handling

Bag
Handling

Basket
Flipping

Table
Bussing

DiVLA 0.55 ± 0.03 0.54 ± 0.07 0.45 ± 0.04 0.25 ± 0.02
DiVLA+Ours 0.78 ± 0.02 0.75 ± 0.03 0.67 ± 0.05 0.56 ± 0.04

Improvement +0.23 +0.21 +0.22 +0.31

VLA-Pilot Achieves Cross-Embodiment Generalization.
We deploy VLA-Pilot on the Franka Panda robot in a zero-shot
setting. Compared to the pre-trained DiVLA baseline, VLA-

Pilot achieves notable performance gains across all tasks (see
Table IV): +0.23 in Mug Handling, +0.21 in Bag Handling,
+0.22 in Basket Flipping, and +0.31 in Table Bussing. These
results demonstrate robust, consistent behavior across embod-
iments, as further illustrated in Figure 8.

Ablation Study. We ablate each core module of VLA-
Pilot in simulation (Table I). Removing EPS-CoT (replaced by
heuristic prompting) results in an 8% MSR drop, highlighting
the need for multimodal reasoning and embodied grounding.
Replacing Evolutionary Diffusion with selection-only reduces
MSR by 11%, confirming its role in adaptive action opti-
mization. Removing Iterative Steering Refinement causes 5%
MSR drop, due to cascading errors in open-loop execution.
Together, these results show all modules are essential and
complementary to VLA-Pilot’s robustness. We also analyze
hyperparameter sensitivity for four key values: action samples
M , evolution steps K, diffusion truncation steps, and softmax
temperature τ . As shown in Figure 9, larger M and K improve
MSR. Truncation steps beyond 5 degrade performance due
to over-exploration. Optimal performance is achieved with
τ = 1.0, balancing action diversity and convergence.

Inference-time Latency Analysis. We report average per-
step latency across modules in Table V, with overall inference
time at 2.41s. The main bottleneck lies in MLLM-based
reward reasoning. This latency reflects a reasonable trade-off
between generalization and efficiency, similar to prior FMs-
based steering pipelines like FOREWARN (3.7s) [13]. Future
work may reduce latency via local deployment and model
pruning [31].



LI et al.: PLUG-AND-PLAY INFERENCE-TIME VLA POLICY STEERING VIA EMBODIED EVOLUTIONARY DIFFUSION 7

Table Bussing

“Throw the used napkins into the green bin”

Bimanual Bussing

“Dispose of the ham can in the green bin”

Bimanual Zippering

“Hold the bag and unzip it”

Basket Flipping
(Novel background)

“Flip the vertically placed basket”

Bimanual Bussing
(Novel object)

“Place the bottle in the transparent container”

Bimanual Zippering
(Novel instruction)

“Open the bag”
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Mug Handling

“Serve the coffee mug to the guest ”

Bag Handling

“Pick up the bag without crushing its contents”

Basket Flipping

“Flip the vertically placed basket”

(a) Experimental Setup

Top Camera Left Camera Right Camera

Top Camera 
(D435i)

Left Camera 
(D405)

Right Camera 
(D405)

Left Arm 
(Nova2)

Right Arm 
(Nova2)

Fig. 5. Qualitative results of real robot experiments. VLA-Pilot effectively steers off-the-shelf pre-trained VLA policies to complete downstream tasks at
inference time, achieving zero-shot deployment across both ID and OOD task scenarios.

(a) Post ranking (𝑀 = 32) (b) Population increasing (𝑀 = 64)

(c) Evolutionary diffusion (𝑀 = 32) (d) Finetuning (𝑀 = 32)
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Fig. 6. Visualization of left-arm action proposals in bimanual zippering
tasks. (a) Baseline steering methods relying on post-ranking and selection fail
due to lack of viable initial proposals; (b) increasing the number of proposals
does not guarantee feasible actions; (c) our method employs Evolutionary
Diffusion to evolve action proposals toward a target distribution with higher
task alignment that is comparable to (d) fine-tuned policies.

C. Discussion

VLA-Pilot enables effective inference-time steering of pre-
trained VLA policies without fine-tuning. Compared to prior

RDT-1B-finetune DiVLA-finetune RDT-1B+Ours DiVLA+Ours

Bimanual TasksSingle-Arm Tasks

Fig. 7. Comparison with VLA fine-tuning. VLA-Pilot achieves performance
comparable to VLA fine-tuning methods with 50 demonstrations.

TABLE V
INFERENCE TIME LATENCY OF VLA-PILOT

Module Latency (s) / Steering Step

EPS-CoT 0.72± 0.03
VLA sampling 0.41± 0.02
Evolutionary Diffusion 0.52± 0.01
Iterative Refinement 0.76± 0.02

Overall 2.41± 0.02

methods, it offers three key advantages. First, it uses MLLMs
as open-world verifiers, removing the need for task-specific
training and improving generalization to OOD tasks (Ta-
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(a) (b)

(c) (d)

Fig. 8. Qualitative results of cross-embodiment experiments. VLA-Pilot
achieves zero-shot generalization on the Franka robot, maintaining consistent
task performance across four single-arm tasks.
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Fig. 9. Hyperparameter sensitivity analysis of VLA-Pilot. Performance
improves with more samples M and evolutionary steps K, which aligns with
the inference-time scaling law [17]. Optimal performance occurs at truncation
steps = 5 and temperature τ=1.0.

ble III). Second, Evolutionary Diffusion adaptively refines
action candidates, overcoming the limitations of static se-
lection (Table II). Third, closed-loop refinement allows re-
active correction under dynamic conditions. Notably, VLA-
Pilot matches the performance of supervised fine-tuning with
50 expert demonstrations (Figure 7), highlighting its practical
value as a lightweight and generalizable alternative for real-
world VLA deployment.

V. CONCLUSIONS

In this paper, we presented VLA-Pilot, an inference-time
policy steering method that enables zero-shot deployment of
pre-trained VLA models without any fine-tuning. Both sim-
ulation and real-world experiments validate its effectiveness
and highlight its potential as a universal and modular plug-in
for aligning generalist VLA policies with diverse downstream
task goals. Despite its effectiveness, VLA-Pilot has several
limitations. First, it assumes that the underlying VLA policy
supports noise-conditioned sampling, limiting its applicabil-
ity to diffusion-based architectures. Second, the reliance on
MLLMs introduces non-trivial inference-time latency. Third,
the current reward evaluation paradigm depends on keypoint-
based vision grounding, which may be brittle in tasks in-
volving delayed effects or deformable object interactions.

Future directions include extending the steering paradigm to
broader VLA architectures, optimizing MLLM integration via
quantization or caching strategies, and improving robustness
by incorporating richer embodied feedback beyond keypoint-
level signals.

REFERENCES

[1] K. Black et al., “Pi 0: A vision-language-action flow model for general
robot control,” arXiv, 2024.

[2] S. Liu et al., “RDT-1b: a diffusion foundation model for bimanual
manipulation,” in ICLR, 2025.

[3] J. Wen et al., “Diffusionvla: Scaling robot foundation models via unified
diffusion and autoregression,” in ICML, 2025.

[4] Z. Li et al., “Language-guided dexterous functional grasping by llm
generated grasp functionality and synergy for humanoid manipulation,”
IEEE T-ASE, 2025.

[5] Z. Li, J. Liu et al., “Manidp: Manipulability-aware diffusion policy for
posture-dependent bimanual manipulation,” IROS, 2025.

[6] J. Liu et al., “Human–humanoid robots cross-embodiment behavior-
skill transfer using decomposed adversarial learning from demonstration:
Hotu, a human–humanoid robots skill transfer framework,” IEEE RAM,
2025.

[7] Q. Vuong et al., “Open x-embodiment: Robotic learning datasets and
rt-x models,” in CoRL, 2023.

[8] R. Firoozi et al., “Foundation models in robotics: Applications, chal-
lenges, and the future,” IJRR, 2024.

[9] M. J. Kim et al., “Fine-tuning vision-language-action models: Optimiz-
ing speed and success,” arXiv, 2025.

[10] M. Nakamoto et al., “Steering your generalists: Improving robotic
foundation models via value guidance,” in CoRL, 2024.

[11] A. Wagenmaker et al., “Steering your diffusion policy with latent space
reinforcement learning,” CoRL, 2025.

[12] Y. Wang et al., “Inference-time policy steering through human interac-
tions,” in IEEE ICRA, 2025.

[13] Y. Wu et al., “From foresight to forethought: Vlm-in-the-loop policy
steering via latent alignment,” in RSS, 2025.

[14] Q. Rouxel, C. Donoso et al., “Extremum flow matching for offline goal
conditioned reinforcement learning,” in Humanoids, 2025.

[15] M. Dai, L. Liu et al., “Rover: Robot reward model as test-time verifier
for vision-language-action model,” arXiv, 2025.

[16] H. Song et al., “Hume: Introducing system-2 thinking in visual-
language-action model,” arXiv, 2025.

[17] J. Kwok et al., “Robomonkey: Scaling test-time sampling and verifica-
tion for vision-language-action models,” arXiv, 2025.

[18] W. Huang et al., “Inner monologue: Embodied reasoning through
planning with language models,” CoRL, 2022.

[19] K. Lin et al., “Text2motion: From natural language instructions to
feasible plans,” Autonomous Robots, vol. 47, no. 8, pp. 1345–1365, 2023.

[20] W. Huang et al., “Rekep: Spatio-temporal reasoning of relational key-
point constraints for robotic manipulation,” CoRL, 2024.

[21] Y. J. Ma et al., “Eureka: Human-level reward design via coding large
language models,” ICLR, 2024.

[22] Z. Zhang et al., “Grape: Generalizing robot policy via preference
alignment,” arXiv, 2024.

[23] J. Wei, X. Wang et al., “Chain-of-thought prompting elicits reasoning
in large language models,” NeurIPS, 2022.

[24] M. Zawalski et al., “Robotic control via embodied chain-of-thought
reasoning,” in CoRL, 2024.

[25] C. Jose et al., “Dinov2 meets text: A unified framework for image-and
pixel-level vision-language alignment,” in CVPR, 2025.

[26] N. Ravi et al., “Sam 2: Segment anything in images and videos,” arXiv,
2024.

[27] B. Yang et al., “Diffusion-es: Gradient-free planning with diffusion for
autonomous and instruction-guided driving,” in CVPR, 2024.

[28] Y. Zhang et al., “Diffusion models are evolutionary algorithms,” ICLR,
2025.

[29] T. Chen et al., “Robotwin 2.0: A scalable data generator and benchmark
with strong domain randomization for robust bimanual robotic manipu-
lation,” arXiv, 2025.

[30] S. Tao et al., “Maniskill3: Gpu parallelized robotics simulation and
rendering for generalizable embodied ai,” arXiv, 2024.

[31] Y. Ding et al., “Mllm-pruner: Efficient activation-aware pruning for
multimodal llms,” arXiv, 2025.


