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Fig. 1: Overview of experimental tasks. A subset of tasks considered in this paper, they include (a) insert cube from top, (b) pull the drawer, (c) object
handover, (d) install the belt, (e) insert cube from side. Extensive experiments demonstrate our outstanding performances on real-world fine tasks with few
human efforts.

Abstract— Pre-trained VLA do not fully retain their strong
performance when fine-tuned for new tasks, hindering robust
deployment in new environments. This limitation primarily
stem from the constraints of prevalent fine-tuning approaches:
supervised fine-tuning (SFT) requires large amounts of high-
quality demonstrations; reinforcement learning (RL) is often
limited by dataset quality, sparse reward, and the sim-to-real
gap. To overcome these limitations, we propose a novel frame-
work that leverages sample-efficient real-world RL to collect
data for offline distillation into the VLA. Our method introduces
three key components: (1) Vision-guided Copilot that refines
human actions toward expert-level action using visual feedback
to improve intervention quality and data efficiency. (2) CopRL,
a human-in-the-loop RL framework that leverages the Copilot
for efficient online exploration and data collection with minimal
human intervention; and (3) RaoRFT, an offline RL algorithm
that distills high-quality reward-annotated trajectories from
CopRL into the VLA. Real-world experiments show our method
achieves state-of-the-art performance with minimal human
input. Our work provides a practical and effective pathway
for deploying high-performance VLA in complex manipulation
tasks. Codes and models will be available.

I. INTRODUCTION

Vision-Language-Action models (VLA) [1]-[4] have
shown great potential for a wide range of applications.
However, pre-trained VLA often face challenges in main-
taining their high performance when adapted to new tasks
or environments. This limitation arises because these models,
despite their initial success, struggle to generalize effectively
to previously unseen situations, thereby hindering their abil-
ity to be reliably deployed in real-world applications where
variability and unpredictability are common.

One common strategy is supervised fine-tuning (SFT) [5],
[6]. Despite its effectiveness, this approach requires large
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amounts of high-quality demonstration data—a costly and
time-consuming process when collected via standard teleop-
eration. Another alternative is reinforcement learning (RL),
which offers a pathway for policy improvement without
relying on pre-collected demonstrations. However, RL is
often limited by dataset quality, sparse rewards, and the sim-
to-real gap. Some methods [7]-[10] attempt to overcome
data constraints through simulation-based online RL, though
sim-to-real transfer remains challenging. Others [11], [12]
explore offline RL with real-world rollouts, yet still depend
heavily on human effort to curate suitable data and often fail
to produce sufficient high-reward trajectories for effectively
finetuning large-scale VLA.

To address these challenges, this paper introduces a novel
framework that uses sample-efficient real-world RL to collect
interaction data for distillation into the VLA via offline
RL fine-tuning. Our approach begins with a Vision-guided
Copilot, a diffusion-based system that refines human actions
toward expert behaviors using visual feedback to improve
intervention quality and data efficiency.

By integrating the Vision-guided Copilot into human-in-
the-loop interventions, we develop CopRL—a real-world
RL framework that achieves higher performance with less
human effort compared to [13]. CopRL begins with offline
pretraining on a minimal set of mixed expert and VLA
demonstrations. It then proceeds to online exploration, during
which occasional human corrections with the Copilot are
stored and used to update the policy. This process forms
an efficient data collection cycle. The resulting reward-
annotated trajectories generated by CopRL are then utilized
by RaoRFT, an offline RL algorithm designed to distill high-
quality, reward-annotated trajectories from CopRL into the
chunk-based VLA. Specifically, RaoRFT employs a stage-
based dense reward annotation scheme and advanced offline
RL algorithms to fine-tune the VLA, thereby yielding a
superior policy that requires minimal human input.

Extensive real-world experiments demonstrate that our
method requires only a small number of initial human
demonstrations and minimal online interventions to achieve
state-of-the-art performance, outperforming methods that
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human cost.
Our contribution can be summarized as follows:

o Vision-guided Copilot. We design a Vision-guided
Copilot, a diffusion-based module that adjusts human
teleoperation action inputs toward expert-level share
action using visual feedback. This approach signifi-
cantly enhances both the quality of interventions and the
efficiency of data collection in delicate manipulation.

e CopRL framework. We propose CopRL(Copilot-
guided online RL), a novel framework that integrates
offline pretraining with online fine-tuning. By incor-
porating the Vision-guided Copilot into human-in-the-
loop interventions during the online phase, our method
achieves sample-efficient real-world RL and greatly
reduces the human cost required for subsequent data
collection.

o RaoRFT algorithm. We develop RaoRFT(Reward-
annotated offline Reinforced Fine-Tuning), an offline
RL method that distills high-quality, reward-annotated
trajectories from CopRL into the VLA, featuring a
stage-based dense reward annotation scheme for richer
learning signals. This approach enhances training effi-
ciency and effectiveness through multi-round training,
maintaining a continuous pipeline of data collection and
policy refinement.

II. RELATED WORKS
A. Real-world RL and Human Assitances

Sample efficiency and safety are paramount concerns for
deploying RL in physical systems. Prior works have ad-
dressed these challenges through various paradigms. Frame-
works like [14]-[17] demonstrate that careful pipeline design
enables practical real-world RL, while other works [18],
[19] use human-in-the-loop preference learning or offline Q-
learning with human advice rewards for continous action
spaces. [13] incorporates human interventions to provide
high-quality corrective signals, guiding exploration and sig-
nificantly accelerating learning. These approaches highlight
the value of human oversight in mitigating risks and improv-
ing data efficiency.

The quality of human input, however, remains a critical
bottleneck. Noisy or suboptimal interventions can hinder
learning progress. Methods like [20]-[22] aim to extract
clearer expert intent from human demonstrations, but the
conditions are mainly based on robot states, which are lack
of accurate perception in relatively hard tasks. Building on
this concept, our Vision-guided Copilot integrates real-time
visual feedback to more effectively refine human teleopera-
tion inputs, ensuring each intervention provides maximally
informative guidance for the RL policy and further boost-
ing the efficiency of the human-in-the-loop data collection
process.

B. VLA Post-training and Finetuning
Adapting general-purpose Vision-Language-Action (VLA)

models to specific downstream tasks primarily follows two
lines of work: SFT and RL. SFT [5], [6] requires large
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Fig. 2: The principle of the Vision-guided Copilot. The black arrow at the top
indicates the forward diffusion process applied to the user action, while the
blue arrow at the bottom represents the reverse denoising process toward
the target expert action. We switch between these two processes at the
intermediate step k = ksq, resulting in a hybrid procedure that combines
partial forward diffusion and denoising, as depicted by the central black and
blue arrows.

volumes of high-quality, task-specific demonstration data,
which is often costly and time-consuming to acquire. Its
performance is inherently limited by the quality and coverage
of the static dataset.

Offline RL presents a powerful alternative for policy
improvement without online interaction. Methods like [11],
[12] apply offline RL to refine VLA on fixed datasets. Recent
work [23] also explores adaptive offline RL post-training
for VLA flow models, balancing RL signal and variance.
However, a fundamental constraint of these methods is their
dependence on a pre-collected, static dataset; their perfor-
mance ceiling is bounded by its quality and diversity.

Some efforts [7]-[10] seek to bypass this limitation by
training in simulation. While valuable for algorithmic ex-
ploration, the sim-to-real transfer gap often remains a sig-
nificant hurdle for real-world deployment. In contrast, our
RaoRFT algorithm is designed to leverage a continuous
stream of high-quality, reward-annotated data generated au-
tonomously in the real world by our CopRL framework. This
self-improving data cycle effectively breaks the constraint
of static datasets, enabling sustained policy improvement
through offline RL distillation.

III. METHOD

Our pipeline, illustrated in Fig. 3, integrates two key
components: (1) CopRL begins with offline pretraining on
a small mixed dataset, followed by online fine-tuning where
a Vision-guided Copilot refines human interventions into
expert-level corrections to update the policy. (2) RaoRFT
subsequently distills reward-annotated trajectories from Co-
pRL via offline reinforcement fine-tuning into the chunk-
based VLA. This cohesive pipeline seamlessly combines
offline pretraining, human-in-the-loop online collection, and
efficient VLA finetuning, drastically reducing human effort
and time cost.

A. Vision-guided Copilot

Inspired by [20], we extend this approach by integrating
visual information to train a diffusion-based network called
Vision-guided Copilot, which takes both vision signals
and robot state information to assist human teleoperations.
This allows the copilot to be trained on high-variance data,

21405



Expert
Demos

3
VLA
Demos

Reward
Classifier

Environment

V-Copilot

Human
————
Interventions

Policy
Transitions

TPolicy Parameters

Data with Discrete Rewmdl

Don Doss
S —
Transitions | Interventions

Expert Demos

Dogs

Actor
-]

Critic

Expert+VLA [—» -—
£2(60) = AL2(6) + BH +nLEC(9)

Lo() = Lro(¥) + aRea ()

RL Demos

Envs

.

M Rounds

S
f :
j Rollout w_, ------ .
w—» ______ . RaoRFT
O o

(¢) RaoRFT

Optimize ; steps
Lo(0) = MLZ(0) + 1 LE°(0) )

i
A Action

! head

|
Optimize ; + , steps C A?

ritic
Lo () = Lin) +auRiy() L)

Fig. 3: (a) Overview of our pipeline, which includes (b) CopRL: a real-world RL method that employs human-in-the-loop guidance enhanced by the
Vision-guided Copilot for more precise and efficient operation, and (c) RaoRFT: an offline RL post-training process for chunk-based VLA with stage-

based dense reward annotations.

increasing the flexibility of the copilot while maintaining its
capacity to discriminate between intentional expert maneu-
vers and exploratory actions, and increase the convergence
speed for our real-world RL. The principle of the Vision-
guided Copilot is illustrated in Fig 2.

We leverage the Diffusion Policy framework [24], in-
corporating both image and proprioceptive data as global
conditioning in the U-Net to predict noise. The training loss
is:

(1)

where £” is random noise for step k, s is the state (including
image and proprioceptive data), and ¢, is the noise prediction
network.

Our sampling diverges from standard Diffusion Policy.
Rather than initializing from Gaussian noise, we perturb
human input Ag 5, via forward diffusion for kg, steps (ks <

K), yielding Ays::

Leop = MSE (%, £, (s, A? + ¥ k)

k y
Ay = Ay +eb

ksw _ A Ksw
At,s _At,h

2

3)
where Af;‘“ is the noised shared action. Here, when kg, =
K, it corresponds to the standard forward diffusion process.

This noised action undergoes the denoising process
through the U-Net ¢, progressively yielding the final shared

action AY _:
g

Ayl =a (Aff;” % (Sta Afy, ksw) + N (0, 021))
“4)

where N (O, a’l ) is added Gaussian noise.

This design blends user intent with expert strategies,
modulated by kg,,: where larger k;,, increases stochasticity,
blurring user intent and converging toward expert distribution
(leading to a large ||A7, — AP |3); smaller k, preserves

user intent, diverging from expert distribution (leading to a
small [|AD, — AD [[3).

In practice, we use a small kg, to better preserve user
intent. This is because the U-Net—which keeps s; clean
by using it only as global conditioning rather than as part
of the denoising output—is more sensitive to the high-
dimensional clean state s; with expert information than to the
low-dimensional noised Afj;“ with user intent. As a result,
the denoised shared action Ags skews toward the expert
distribution, increasing [|A?, — A? [|3. Using a small kg,
mitigates this bias and helps maintain intentionality.

During the CopRL online data collection—particularly
for human interventions guided by the Vision-guided Copi-
lot—we intentionally use only a wrist camera. This preserves
user control when operating beyond its view, reducing state-
induced overguidance and promoting exploratory motions,
and when operating near and in view of targets, it provides
detailed visual feedback to aid precision in delicate tasks.
However, for training the final VLA via RaoRFT, we incor-
porate additional visual inputs, including a third-view camera
and (in bimanual setups) an optional second wrist camera,
to provide richer perceptual information and improve policy
robustness.

B. CopRL: Real-world RL with Vision-guided Copilot

1) Preliminary: In order to generate high-quality training
data for finetuning VLA models with few human operations,
we introduce CopRL, a real-world RL method with Vision-
guided Copilot, as a robust policy that is then distilled into
the VLA. We formulate the real-world robotic manipulation
task as a Markov Decision Process (MDP), defined by the
tuple (S,A, P,r,7), where s; € S denotes the state space
(comprising image observations and proprioceptive state),
a; € A is the action space of the robot, P(s’|s,a) is the
state transition probability, (s, @) is the reward function, and
v € (0,1) is the discount factor. As illustrated in Fig.3(b) ,
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the architecture of CopRL employs an actor-critic structure,
where:

« The actor 7y(a|s) outputs actions conditioned on states
and is optimized to maximize the expected Q-value,
enhanced by entropy regularization [25] and a behavior
cloning loss, as formalized in Eq. (7).

o The critic Qy(s,a) estimates the expected return of
state-action pairs, incorporating the Cal-QL method
[26] in its loss to improve off-policy generalization, as
defined in Eq. (6).

The reason for using the Cal-QL method is that it handles
out-of-distribution (OOD) actions by penalizing overestima-
tion, improving policy stability. Its calibration mechanism
boosts value estimation in discrete-reward tasks, enhancing
sample efficiency, while providing a stable Q-function ini-
tialization for online fine-tuning.

Building on this design choice, we implement the actor
and critic networks with a shared frozen ResNet-18 vision
encoder. The actor possesses a 4-layer MLP to output the
mean and the standard deviation of the action distributions,
and the critic utilizes a 3-layer MLP to predict the Q-value
based on the observation features and the actions.

2) Offline Training with Expert and VLA Demonstrations:
Performing online RL directly in the real world can be time-
consuming. To address this, we first pretrain the policy using
a purely offline dataset, which enhances data efficiency and
reduces overall convergence time.

We begin by collecting a small expert dataset D consist-
ing of 30 demonstrations with stage-specific discrete rewards.
This dataset is used to: train the Vision-guided Copilot
f@(-), perform SFT on VLA models, and train a reward
classifier 7~¢(-) for online RL, following the architecture
design from [13].

Next, the fine-tuned VLA interacts with the environment,
generating 50 additional trajectories. At this point, the VLA’s
execution success rate remains relatively low, leading to
the inclusion of a proportion of failure trajectories. These
failure cases provide valuable training signals for the RL
agent. Finally, expert and VLA demonstrations are merged
into an offline replay buffer D,sy. Offline training is then
conducted on this buffer to pretrain the actor and critic
networks, aligning them with the target distribution for the
following online training stage.

3) Online Training with Vision-guided Copilot: While the
offline stage provides an initial policy from a limited set
of demonstrations, its performance is constrained by the
scale and quality of the pre-collected data. To overcome this
limitation, we further refine the RL agent using a human-
in-the-loop learning [13] framework in the online phase.
A key feature of this approach is the human intervention
mechanism: when the RL policy exhibits risky actions or
substantial deviation from the target, a human operator can
take over control.

These interventions produce human corrections, which are
stored in two buffers: the offline demo buffer D, ¢, which
holds the original offline data, and the online replay buffer
Don, which accumulates online policy transitions. During

the online phase, the transition is sampled uniformly from
D, and D, ¢y to form a training batch for network updating.
By incorporating such human corrective signals, both buffers
provide high-level guidance that enables safer and more
efficient exploration.

While human interventions provide valuable corrective
signals, performing teleoperation in practice is often non-
trivial. In particular, operating high-DoF robotic systems with
low-dimensional controllers (e.g., Spacemouse) in multi-DoF
delicate tasks, such as inserting a cube from the side, is
challenging. To mitigate this difficulty, we incorporate the
Vision-guided Copilot to assist the teleoperation process.

Specifically, during human intervention, the input action
A, p, is first processed by the Vision-guided Copilot, which
outputs a shared action A, s enriched with expert behavior.

At,s = fga(At,lu kgw, St) )

where f,, denotes the Vision-guided Copilot, s; represents
the current observation comprising image data and the
robot’s proprioceptive state, and ks, indicates the diffusion
step at which the process switches from forward noise
addition to reverse denoising.

During the online training phase, the reward for every
state and action is obtained through the prediction from the
pretrained reward classifier 74 (s, a).

4) Loss Functions: Our loss function comprising two
main components: one for updating the critic network and
another for updating the actor network. The loss function
remains consistent throughout both offline pretraining and
online fine-tuning, enabling real-world online interactions to
quickly adapt to the offline-pretrained policy. The specific
forms of these loss functions are defined as follows:

Lq(t)) = Eaa | (Quls,a)-

(r¢(s,a) +VBqinm, Qg (s, d")] ))2} ©
n a(EsND,M (max(Qy (s, a), V¥ (s))]

~ BeaenlQu(s,a)

La(6) = = Bopan o ers [NQu(5:0°) + BH (ma (]5))

—nlla”  allo]

(7

where @)y is the learned Q-function, @ is the delayed
target Q-function, V*#(s) is the value of the reference
policy, H (mo(:[s)) = —Eawny(|s) [logma(als)], v is the
discount factor, s’ and a’ the next state and action, A =
1/avg(|Qy (s, a*)|) which results from [27], and a, 3, n the
weights for the designed losses.

C. RaoRFT: Reward-annotated Offline RL for Finetuning
VLA

The CopRL framework provides a stream of high-quality,
reward-annotated trajectories. The RaoRFT algorithm is de-
signed to effectively distill this data into the VLA through
offline RL. This process involves three critical steps: first,
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transforming the raw data into a suitable training format;
second, designing a phased training regimen to ensure stable
learning; and finally, defining the optimization objectives that
guide the policy improvement.

1) Dense Reward Annotation and Data Pipeline: The
raw output from CopRL constitutes a continuous stream of
interaction data rather than a static dataset. These data are
organized into a sequence of buffers {D,,}}_,, wherein
each D,,, contains a batch of trajectories gathered during the
m-th round of interaction between the CopRL policy and the
environment. While D,,, is employed for training in RaoRFT,
CopRL simultaneously collects new trajectories into Dy, 1,
thereby maintaining a continuous pipeline of data collection
and policy refinement.

To provide richer learning signals for the VLA, we pro-
cess the data in each buffer through a Stage-Based Dense
Reward Annotation scheme. This method segments each
trajectory into stages defined by discrete rewards. For each
state within a stage, given the current end-effector position
P,. and orientation R.., a dense reward is computed based
on the progression towards the next sub-goal [28](e.g., the
target end-effector pose PJ,, R}, at the end of each stages):

r= rep + rep *Teo (8)
rep = exp(—dy/o) )
Teo = exp(—dy/o) (10)

where dg = ||log(R:.RL)||F is the Frobenius norm of
the logarithm of SO(3), d, = ||P), — Pe||2 is Euclidean
distance, and o the dense reward coefficient.

This transformed data is stored in a sequence of annotated
buffers {D!,}M_,, which form the direct input for the
subsequent offline training stages.

2) Phased Training Strategy: With the densely annotated
buffers prepared, we employ a two-phase training strategy to
ensure stable and efficient policy distillation.

Phase 1 is dedicated to SFT for initial alignment. In
the initial round, we construct a high-quality demonstration
dataset by combining successful trajectories from buffer
D} with human expert demonstrations from Dy, totaling
200 trajectories. This dataset is used for SFT of the VLA,
ensuring that the initial policy output aligns with expert
behavior and the task dynamics, thereby providing a stable
and sensible baseline from which RL can effectively proceed.

Phase 2 is dedicated to offline RL for policy enhancement.
Subsequent rounds (M — 1 in total) perform offline RL to
further refine the VLA policy. We adopt an Actor-Critic
architecture in which the VLA serves as the actor 7§ (-|s;),
generating action chunks A = (ay,...,a:44). The critic
Qz(zt,A?) is implemented as an MLP that estimates Q-
values using the action chunk and a state representation
z;. Here, z; represents the VLM/transformer output for
Transformer-based VLA, or the input feature encoding oth-
erwise. Each round of training consists of two steps: first, the
critic is trained independently for N7 steps to stabilize value
estimates; then, both actor and critic are updated jointly for
Ny steps to refine the policy.
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Fig. 4: The overall setup of our experiments for (a) bimanual scenarios and
(b) single-arm.

3) Optimization Objectives: The loss function for the
critic network retains the Cal-QL method. Considering the
action-chunk-based VLA, we adopt the Q-Chunking [29]
technique, adapting the TD error calculation accordingly.
Specifically, the proposed loss function consists of two com-
ponents: a TD loss term from Q-Chunking and a calibrated
Q regularizer in the style of Cal-QL:

Lov(¥) = Lap(¥) + avReu(¥) (11
where L, and RY,(v) is given by:
h
(V) = Eg, an s pnepr, [(QZ (20, A) — Z VT
t'=1
2
- VhQ% (2e4n, Ay ) ) (12)
gal(w) = Esth;n,A;‘*wﬂ'g [max (Q:Z;(ZtaAi}tL*)v V“(st))]

- Est, Ah~Dr, [QZ(% A?)]

where V#(s;) represents the value function of the reference
policy and «, is the regularization strength coefficient.

The loss function for the VLA (which serves as the actor
network) is optimized to maximize the Q-value and with a
behavior cloning loss for convergence stabilization.

13)

‘CW” (0) = ES,A{LND['",A?*NWE

(14)
NoQY (20, AP — g, || AP — AP

with A\, = 1/avg(|Q7, (2, Ar)|) inspired by [27], and 7, the
coefficient for the behavior cloning loss.

IV. EXPERIMENTS
A. Overview of Experiments

We conducted experiments across five distinct tasks, en-
compassing a diverse set of characteristics as illustrated in
Fig. 1. These tasks cover a range of manipulation challenges,
including high-precision tasks with constrained pitch and
yaw axes (e.g., insert cube from top), multi-DoF delicate
and subtle manipulation (e.g., insert cube from side), dex-
terous object operation (e.g., install the belt), high-tolerance
grasping (e.g., pull the drawer), and bimanual collaboration
(e.g., object handover).

We now detail the specifications of each task:
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o Insert Cube from Top: Grasp a cube and insert it ver-
tically into a container. Key challenge: precise position
control for accurate insertion.

o Insert Cube from Side: Insert the cube into a tilted
container. Requires continuous pose adjustment and is
more challenging for low-DoF teleoperation.

« Install the Belt: Mount a synchronous belt onto fixed
pulleys. Must adapt to unpredictable belt deformation
during assembly.

o Pull the Drawer: Open a drawer smoothly using com-
pliant motion and force control, avoiding jams.

e Object Handover: Transfer an object between two
arms. Primary difficulty is bimanual coordination.

For all tasks, we collected several RGB images with one
from a third-view camera and one or two images from wrist-
mounted cameras according to the number of arms. The
proprioceptive state information and rewards (e.g., successful
insertion, grasping, or task completion) are also collected.
The overall setup is demonstrated in Fig. 4. For single-arm
tasks, we use a Fairino Arm paired with a Jodell RG52
Gripper, operating at a control frequency of 10 FPS. In the
bi-manual scenario, two AgileX Piper arms are used with a
control frequency of 30 FPS.

For the training settings, we set the denoise step for
Vision-guided Copilot K = 100, the coefficient for the Q
regularizer o = «,, = 1.0, the entropy loss weight 8 = 0.01,
the weights of behavior cloning losses n = 71, = 0.5, the
reward discount factor v = 0.99, the dense reward coefficient
o = 0.25. As the offline RL training for VLA, we set the
pretraining steps for the critic network N; = 2000, and the
ensemble update steps Ny = 18000. The number of training
rounds is set to M = 10 for total convergence of the VLA
models.

B. Experiment Results on CopRL

To evaluate the performances of our proposed CopRL and
other SOTA baselines, we assess various performance met-

rics including Convergence Speed, Success Rate, Human
Intervention Time and User ratings.

In the comparison of RL agent convergence speed, we
primarily evaluate CopRL (with Vision-guided Copilot)
against Base-CopRL (without Vision-guided Copilot), as
well as HIL-SERL [13]. The convergence progress is mea-
sured by tracking the success rate at specific checkpoints
during training. Specifically, the success rate refers to the
ratio of successful trials achieved over 50 repeated executions
of a designated task using the model saved at each evaluation
point.

Experimental results of five tasks, as shown in Fig. 5(a),
show that CopRL achieves faster convergence than Base-
CopRL, confirming that the Vision-guided Copilot acceler-
ates RL training by providing targeted human guidance. This
directs the agent more efficiently toward reward-rich regions
and delivers more effective supervision. Additionally, Base-
CopRL converges faster than HIL-SERL, indicating that our
offline RL pretraining and designed losses contributes to
accelerated convergence.

Having shown that CopRL accelerates learning, we next
examine its ability to reduce human effort and enable au-
tonomous collection of large-scale reward-labeled data.

We evaluate the total human intervention time required to
reach a 80% success rate. As shown in Fig. 5(b), CopRL
significantly reduces human intervention compared to HIL-
SERL, indicating higher autonomy. This improvement stems
from two main factors: the Vision-guided Copilot facilitates
high-precision teleoperation in challenging tasks and pro-
vides critical guidance that promotes sample-efficient and
stable policy improvement; meanwhile, offline pretraining,
which usese calibrated Q regularizers for robust out-of-
distribution predictions and behavior cloning for imitating
expert demonstrations, effectively reduces rollout time during
online fine-tuning.

At last, we conducted a subjective user study (the number
of participants is 20) comparing the CopRL (with Vision-
guided Copilot) and the Base CopRL (without Vision-
guided Copilot). Each participant performed all tasks using
both algorithms in a blinded setup, with 5 practice episodes
per method. During evaluation, 10 trials per task were
conducted for each algorithm. After the trials, participants
provided feedback on each system, rating their agreement
on a 5-point Likert scale across five attributes: “helpful”,
“consistent”, “responsive”, “collaborative”, and “trustwor-
thy”. Results (Fig. 6) show significantly higher ratings for
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TABLE I: Performance comparison of SFT vs RaoRFT across different VLA models

Polic fine-tune Insert Cube(Top) Insert Cube(Side)  Install the Belt  Pull the Drawer  Object Handover

y SRT CT(s)d SRT CT(s)d SRt CT(s)} SRt CT(s)) SRt CT(s)d
ACT SFT 0.79 62 0.78 68 0.81 56 0.83 54 0.75 42
RaoRFT | 0.88 54 0.85 51 0.87 52 0.89 46 0.83 33
SFT 0.33 58 0.82 55 0.83 53 0.89 45 0.81 34
OpenVLA-OFT  p.oRFT | 091 50 089 45 091 46 095 37 088 28
. SFT 0.86 53 0.84 48 0.82 44 0.88 38 0.86 25
0 RaoRFT | 0.93 46 0.92 39 0.89 41 0.94 33 0.92 22

CopRL across all dimensions.

C. Experimental Results on RaoRFT

We compare the performance of offline RL (RaoRFT)
and SFT on VLA models, including OpenVLA-OFT and
7. We also include ACT [30] as a reference. Performance
is measured via Success Rate: the proportion of successful
executions in 50 trials per task, and Cycle Time: the average
time to complete a task successfully.

In terms of dataset configuration, we constructed the fol-
lowing two types for training and evaluation: D,, a complete
robot interaction dataset collected via our CopRL framework
containing both high-quality and suboptimal trajectories; and
Dy, a curated expert subset filtered from D, with higher
quality. Furthermore, we forgo the use of human-collected
data because our human-in-the-loop RL framework—as val-
idated by RLDG [5]—yields higher-quality demonstrations
than those acquired through manual teleoperation.

SFT relies on high-quality demonstrations and is trained
solely on Dy, while our offline RL method RaoRFT uses
explicit reward signals to learn from mixed-quality data and
is trained exclusively on D,,. This setup reflects the advantage
of RaoRFT in extracting useful policies from diverse, uncu-
rated data. It also aligns with practical constraints where pure
expert data is scarce and costly, demonstrating the robustness
and scalability of our approach. The comparison between
RaoRFT on D, and SFT on D, is designed to highlight the
efficiency of our method in leveraging raw interaction data
without expert-level filtering.

As shown in Tab. I, RaoRFT consistently outperforms
SFT across all tasks. This indicates that RaoRFT not only
enhances base model performance but also improves data
utilization by effectively learning from suboptimal trajecto-
ries.

D. Ablation Study

1) The Effectiveness of First Round SFT in RaoRFT: In
this ablation study, we focus on comparing two strategies in
the post-training phase of the VLA: (1) SFT+RL: a hybrid
approach using SFT in the first round followed by RL in
subsequent rounds, and (2) RL-only: a pure RL approach
applied throughout all rounds. We chose the Insert Cube
from Side task for our ablation study due to its high demand
for precise control, making it a challenging benchmark for
policy robustness. As shown in Fig. 7, quantitative results
demonstrate that the SFT+RL strategy significantly outper-
forms the RL-only approach in both convergence speed and

SFT+RL(w/ BC loss) SFT+RL(w/0 BC loss) === RL-only
0.9
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1 2 3 4 5 6 7 8 9
Number of rounds
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Fig. 7: Success rate for RaoRFT with or without the behavior cloning loss,
along with the pure RL training paradigm.

final task success rate. Specifically, after one SFT round,
the SFT+RL model quickly aligns with the target data,
achieving over 70% success within four rounds, while RL-
only stagnates at 30% success.

This performance discrepancy stems from the distinct
learning mechanisms of the two methods. The SFT con-
strains the VLA’s output to stay close to the demonstration
data, ensuring basic action rationality and safety, which
provides a stable foundation for RL optimization. In contrast,
RL-only suffers from high randomness and exploration inef-
ficiency, especially in high-dimensional spaces, often leading
to local optima or irrelevant actions. In conclusion, the SFT
phase acts as a crucial initialization, reducing RL exploration
difficulty and cost, demonstrating the effectiveness of our
phased training strategy.

2) Benefits of Behavior Cloning Loss: In this ablation
study, we evaluate the critical role of the BC loss in both
CopRL and RaoRFT, using the Insert Cube from Side task
as well.

The first part focuses on CopRL training, comparing the
effect of incorporating the BC loss against pure RL training.
As shown in Fig. 8, experimental results indicate that While
both methods achieve similar success rates (75%-85%), the
BC loss approach converges significantly faster, requiring
30% fewer training steps. This is due to the BC loss guiding
exploration by enforcing imitation of demonstration actions,
which improves sample efficiency and safety by preventing
inefficient or risky random exploration in early stages.

The second part focuses on the RaoRFT, proving the
effects of introducing BC loss into the RaoRFT algorithm.
As shown in Fig. 7, results show a 10% improvement in
success rate and earlier convergence with BC loss. This
is because the BC loss acts as a regularizer to prevent
policy collapse and an implicit supervisor that guides the
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Fig. 8: Success rate for CopRL with or without the behavior cloning loss.
agent to prioritize successful behaviors. Although failure data
may reinforce suboptimal actions, additional regularization
through the value function (@) helps mitigate this, directing
the learning process toward optimal behaviors. The combi-
nation of imitation and optimization leads to more stable
and efficient learning, reducing training time and improving
overall performance.

V. CONCLUSION

In this work, we present a unified framework that effec-
tively combines Vision-guided Copilot assistance, sample-
efficient real-world RL (CopRL), and offline policy distil-
lation (RaoRFT) to address the performance degradation of
VLA when adapting to new tasks. Our approach substantially
reduces the reliance on extensive human supervision while
achieving superior task performance through autonomous,
high-quality data generation. Extensive real-world experi-
ments validate that our method enables robust and precise
manipulation with minimal human intervention, outperform-
ing existing baselines in both success rate and efficiency.
Future work will explore extending this framework to more
diverse task domains and investigating its scalability to larger
model architectures.
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