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Abstract—Simulation offers a scalable and low-cost way to
enrich vision-language-action (VLA) training, reducing reliance
on expensive real-robot demonstrations. However, most sim-real
co-training methods rely on supervised fine-tuning (SFT), which
treats simulation as a static source of demonstrations and does
not exploit large-scale closed-loop interaction. Consequently, real-
world gains and generalization are often limited. In this paper, we
propose an RL-based sim-real Co-training (RL-Co) framework
that leverages interactive simulation while preserving real-world
capabilities. Our method follows a generic two-stage design: we
first warm-start the policy with SFT on a mixture of real and
simulated demonstrations, then fine-tune it with reinforcement
learning in simulation while adding an auxiliary supervised
loss on real-world data to anchor the policy and mitigate
catastrophic forgetting. We evaluate our framework on four
real-world tabletop manipulation tasks using two representative
VLA architectures, OpenVLA and 7 5, and observe consistent
improvements over real-only fine-tuning and SFT-based co-
training, including +24% real-world success on OpenVLA and
+20% on my.5. Beyond higher success rates, RL co-training
yields stronger generalization to unseen task variations and
substantially improved real-world data efficiency, providing a
practical and scalable pathway for leveraging simulation to
enhance real-robot deployment.

I. INTRODUCTION

Building general-purpose robots that can reliably solve real-
world tasks remains a central goal in robotics research. Vision-
language—action (VLA) models have recently emerged as a
promising foundation toward this goal, demonstrating strong
performance across a wide range of embodied tasks, including
robotic manipulation [7H9, 130, [35) [85] and visual naviga-
tion [6L 25127, 137, 156, [64]]. These models are typically pre-
trained on large-scale real-world demonstrations [34} 53] [69],
leveraging expert data to learn task-relevant perception and
control behaviors. However, despite extensive pretraining, their
performance often degrades significantly under novel scenes
and task variations [80]. Moreover, the difficulty and cost of
collecting large-scale real-robot demonstrations further consti-
tute a major bottleneck for training VLA models exclusively
on real-world data.

Simulation offers a natural alternative to alleviate this lim-
itation. Modern simulators [24} 47, 150, |60, 66]], together with
large collections of open-source assets [[10} [11} (19} 20]], enable
the construction of diverse training environments at scale.
Due to the sim-to-real gap, early simulation-based robotics
research primarily relied on domain randomization [[1} |54} |65]
to improve robustness to visual and physical discrepancies, but
this approach depends on carefully hand-designed random-
ization schemes and scales poorly to complex, long-horizon
manipulation. In recent years, real-to-sim-to-real pipelines [16}
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Fig. 1: Overview of training paradigms combining real-
world and simulated data. VLA models are commonly
trained via supervised fine-tuning (SFT) on real-world demon-
strations, or via reinforcement learning (RL) in simulation
followed by sim-to-real transfer. Other approaches adopt SFT-
based sim-real co-training by mixing real and simulated
demonstrations. In contrast, we propose an RL-based sim-—
real co-training (RL-Co) framework, which initializes the
model with sim-real SFT and subsequently performs RL in
simulation while using real-world SFT as a regularization
signal.

39,51} [71, [79] and generative modeling [S9, |61}, 83}, [84] have
substantially alleviated the sim-to-real gap by improving visual
fidelity and scene diversity. However, achieving highly realistic
simulation still requires accurate modeling of geometry, mate-
rials, contact dynamics, and sensing, which increases system
complexity and limits scalability across tasks.

Beyond direct sim-to-real transfer, several recent studies [2}
7 116l 23 146, 511 (70 (73] [75] have explored sim-real co-
training paradigms that jointly leverage simulated and real-
world data. By leveraging scalable simulation data, these
approaches consistently outperform policies trained solely
on real-world demonstrations. Notably, co-training has been
shown to remain effective even when the simulated visual
appearance differs substantially from the real world [70],
or when simulation tasks are only loosely related to the
target real-world task [46]. Despite their empirical success,
existing sim-real co-training methods largely remain within
the supervised learning paradigm, using simulation primarily
as a source of static demonstration data. This design fails
to fully exploit a key advantage of simulation: its ability to



support scalable, closed-loop interaction with the policy.

Meanwhile, prior work has pointed out that VLA models
trained purely with supervised fine-tuning (SFT) for behav-
ior cloning are inherently susceptible to compounding errors
under distribution shift, which can accumulate over time and
limit robust performance [55)]. To overcome the limitations,
recent work [38), 42, 43| |81} 182] has explored reinforcement
learning (RL) as an alternative post-training paradigm for
VLA models. By fine-tuning VLA policies through interactive
learning, these methods achieve higher task success rates
and significantly improved generalization to unseen scenar-
ios compared to SFT-based approaches. However, although
these methods perform well in simulation, their real-world
deployment typically depends on zero-shot sim-to-real transfer
with domain randomization, frequently leading to significant
performance drops on real robots.

In this work, we propose an RL-based sim-real Co-training
(RL-Co) framework for VLA models that goes beyond static
demonstrations by leveraging interactive simulation, while
preserving real-world capabilities. Our framework adopts a
simple two-stage design. We first initialize the policy via
supervised co-training on a mixture of real-world and sim-
ulated demonstrations, transferring task-relevant real-world
knowledge while establishing a strong simulation prior. We
then further optimize the policy with reinforcement learning
in simulation. To preserve real-world capabilities and mitigate
catastrophic forgetting, we add an auxiliary supervised loss on
real-world demonstrations during simulation RL to anchor the
policy.

To demonstrate the efficacy of our RL-Co framework, we
conduct extensive experiments on four real-world tabletop
manipulation tasks with two representative VLA models,
OpenVLA [35] and 7 5 [30]. Across all tasks and models, RL-
Co consistently outperforms real-only fine-tuning and SFT-
based sim-real co-training, yielding substantial improvements
in real-world success rates. Beyond raw performance gains,
we find that our approach exhibits significantly better general-
ization to unseen task variations and is markedly more stable
with respect to hyperparameter choices than SFT-based co-
training. Moreover, by effectively leveraging large-scale simu-
lated interaction, our method substantially reduces the amount
of required real-world demonstration data, demonstrating a
more data-efficient and scalable pathway for deploying VLA
models on real robots.

II. RELATED WORKS
A. Vision-Language-Action Models for Manipulation Tasks

Vision-Language-Action (VLA) models have revolutionized
robotic control by integrating visual perception and linguistic
reasoning into a foundation model [8, 9, 130, 35| 163 [85].
Built upon the success of Large Language Models or Vision-
Language Models [3} |5, 162} 68, [72], these systems are typ-
ically pretrained on massive datasets of internet-scale im-
ages [12} [15} I57] and robotic demonstrations [22} 53]]. This
extensive pretraining endows VLAs with remarkable general-
ization capabilities, allowing them to follow natural language

instructions and perform diverse manipulation tasks across
different embodiments.

B. Fine-Tuning VLA Models via Reinforcement Learning

Post-training is crucial for adapting pretrained VLA models
to downstream manipulation tasks. Most existing methods rely
on Supervised Fine-Tuning (SFT), which effectively aligns
models with target distributions using limited demonstra-
tions [28, 31, 36]. However, SFT suffers from covariate shift,
where compounding errors cause policies to deviate from
expert trajectories [43, |52} 155]].

To address this limitation, recent works incorporate rein-
forcement learning (RL) into the post-training stage, enabling
policies to improve through interaction and trial-and-error. De-
pending on the VLA architecture, diverse RL-based strategies
have been explored [4} 14} 29| 138 140l 142 43| 45 76\ [78, [81]].
For instance, Li et al. [38] exploit temperature sampling in
OpenVLA [35] to support PPO-based fine-tuning [S8]], while
Zhang et al. [81] introduce stochasticity into flow matching
denoising [41]] to enable effective exploration.

Despite these advances, most RL-based VLA training is
conducted in simulation for safety and efficiency, requiring
sophisticated sim-to-real transfer or extensive domain random-
ization. Direct real-world RL avoids this gap [4} 29,132 140} 45]]
but is limited by high cost, safety risks, and slow data
collection [21]. In contrast, our method bridges simulated
RL and real-world data constraints, achieving efficient policy
improvement without heavy sim-to-real engineering.

C. Sim-to-Real Transfer and Sim-Real Co-Training

Simulation provides a safe and scalable platform for robotic
learning, yet the sim-to-real gap remains a fundamental chal-
lenge. A common strategy is to build high-fidelity digital twins
that reduce this gap through accurate visual and physical mod-
eling [13} 33| 167, [74]. However, such replicas are expensive
to construct and still struggle to capture the full complexity of
real-world environments. Alternatively, Domain Randomiza-
tion (DR) improves robustness by heavily randomizing visual
and physical parameters during simulation [} [13} 49 54! 65]],
but often requires extensive training and careful manual tuning
to avoid overly conservative policies.

Beyond direct transfer, recent work has shifted toward sim-
real co-training, jointly optimizing policies with both simu-
lated and real-world data [2} [7, [16 23} 46, |51, [70, (73} [75]].
Some methods reduce the domain gap by learning invariant
representations shared across simulation and reality [17} 73]
75]], while others primarily leverage simulation as large-scale
data augmentation to improve generalization, even when visual
fidelity or task alignment is limited [16} 46l 48, |50, (51} [77].

Despite these advances, most co-training approaches treat
simulation as a static source of trajectories, overlooking its
interactive nature. Our method builds on the data augmentation
paradigm while incorporating reinforcement learning into the
co-training loop, enabling active exploration in simulation and
grounding the policy with real-world data.



III. PRELIMINARIES
A. Problem Formulation

For each real-world robotic manipulation task Ti.,, we
construct a corresponding digital-twin simulation environment,
resulting in a simulation task Ty, that serves as a digital-twin
of the real task [18]]. The simulation environment is designed
to closely mirror the real-world setup while allowing scalable
data collection through interaction.

We model both the real-world task and its simulated coun-
terpart as Partially Observable Markov Decision Processes
(POMDPs), denoted by the tuple

Mq = (Sa, A, Pa,R,0q, L, P(so),7), (1)

where Q0 € {real,sim} indicates whether the process corre-
sponds to the real-world or simulation task.

Following the formulation in [46], we define each compo-
nent as follows:

e So and Og denote the state space of the
robot—environment system and the observation space
induced by onboard sensors, respectively. While the real
and simulated tasks operate in different environments,
they share the same robot embodiment and sensing
modalities.

o A is the robot action space. Both tasks adopt an identical
control interface and action parameterization.

e Pq represents the state transition dynamics, where
St41 ~ Pal(- | st,a). Due to the inherent difficulty
of perfectly modeling real-world physics, the transition
dynamics in simulation may exhibit slight discrepancies
from those in the real environment.

o L denotes the natural language instruction specifying the
task goal. For corresponding real and simulated tasks, the
language instruction remains identical.

e R is the reward function, defined as R(s,!), which
evaluates task progress based on the current state and
the given language instruction.

e P(sp) is the distribution over initial states, from which
so ~ P(sp) is sampled. The real and simulated tasks
share the same initial state distribution.

e v € (0,1) is the discount factor.

Under this formulation, we define a vision-language-action
(VLA) policy 7y that conditions on the most recent H obser-
vations of, 7! and the language instruction [ to predict a

sequence of future actions over a horizon of length h:
t—H+1:t
QAt:t+h—1 ~ o (at:t+h71 | 0 7l)~ (2

B. Fine-Tuning on Vision-Language-Action Models

We consider post-training of vision-language-action (VLA)
models under both supervised and reinforcement learning
paradigms. Given a pre-trained VLA policy 7y, fine-tuning
aims to adapt the policy to a specific manipulation task by
leveraging either expert demonstrations or online interaction
with the environment.

1) Supervised Fine-Tuning (SFT): Given an expert-
collected demonstration dataset Dy = {(7(V, 1))} | each
trajectory 7(9 = {(ogi),ai-i))}f:’il consists of paired ob-
servations and actions, and [() denotes the corresponding
natural language instruction. Here, N is the total number of
trajectories and K; is the length of the ¢-th trajectory.

Supervised fine-tuning optimizes the VLA policy my by
minimizing the discrepancy between predicted and expert
actions:

LSFT(H) = E |:€SFT(&t:t+h717 at:t+h71) ] y
(T,Z)NDT
troUnif({1,..., K, })
3)
where . o '
Afopip—1 = T0 (0t7H+1:t7 l(z)) “4)
denotes the predicted action chunk of horizon A, and

ai(f:zt)+h—1 = {at1)7 a7§217 ceey aiQJH (5)

is the corresponding expert action sequence.

The loss function /spr depends on the specific VLA ar-
chitecture and action representation. Common choices include
next-token prediction losses [35]], L, regression losses for con-
tinuous actions [36], and diffusion-based denoising objectives
[8]].

2) Reinforcement Learning (RL) Fine-Tuning: Reinforce-
ment learning fine-tuning seeks to further optimize the policy
through interaction with the environment by maximizing the
expected discounted return:

oo
T = argrr;r%XEm,p [Z 'th(st,l)l , (6)
t=0

where actions are sampled from the VLA policy a; ~ my(- |
ot,1) and state transitions follow s;y1 ~ P(s¢, ay).

Due to differences in action representations and generative
mechanisms, the concrete realization of RL fine-tuning varies
across VLA architectures. Nevertheless, existing RL fine-
tuning approaches share a common structure: an iterative loop
of environment interaction for trajectory collection, followed
by policy updates guided by reward feedback. Our method
builds upon this general framework and introduces an ad-
ditional supervised fine-tuning objective on real-world data
during the policy update phase, which is compatible with a
wide range of RL fine-tuning strategies.

C. SFT-based Co-Training

Given a real-world manipulation task 7., and its corre-
sponding digital-twin simulation task 7Tg,, we assume access
to expert demonstration datasets Dy, and Dgip,, collected in
the real and simulated environments, respectively. A straight-
forward approach to leverage both sources of supervision is to
jointly fine-tune the VLA policy using a mixture of real and
simulated demonstrations.

Specifically, supervised co-training is formulated as mini-
mizing a weighted combination of the SFT losses over the
two datasets:

Lsrr(0) = a Lspr(0; Dsm) + (1 — @) Lspr(0; Drear),  (7)
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Fig. 2: Overview of the proposed two-stage sim-real co-training framework. We establish a digital-twin setup where Ty,
serves as a digital cousin to T;., despite visual discrepancies. In Stage I, we initialize the VLA policy by supervising it on a
mixture of real and simulated data (ratio «). This rapidly injects real-world knowledge and prepares the policy for simulation
interaction. In Stage II, we perform RL fine-tuning in the simulator to explore and improve performance, simultaneously
employing a real-world SFT loss as a regularizer to prevent the forgetting of real-world behaviors.

where « € [0, 1] controls the relative contribution of simulated
data during training.

Following Maddukuri et al. [46]], this objective can be
equivalently implemented by sampling training trajectories
from the simulation dataset with probability «, and from the
real-world dataset with probability 1 — c.

This SFT-based co-training strategy is a strong and widely
used baseline for sim-to-real transfer. However, due to the
imitation learning objective, it is constrained by the quality
of data curation and sim-to-real gaps and cannot explicitly
leverage reward feedback or online interaction. These limi-
tations motivate the reinforcement learning—based co-training
approach introduced next.

IV. METHOD

In this section, we present our RL-based sim-real Co-
training (RL-Co) framework. An overview of the proposed
method is shown in Fig. Our approach consists of two
successive stages. In Stage I, we initialize the policy via super-
vised co-training on both real-world and simulated demonstra-
tions. In Stage II, we further improve the policy through rein-
forcement learning in simulation, while explicitly preserving
real-world capabilities via an auxiliary supervised objective.

A. Stage I: SFT Co-Training for Policy Initialization

Starting from a pre-trained VLA policy 7y that has not been
adapted to our target tasks, the first stage aims to initialize the
policy using both real-world and simulated demonstrations.
Specifically, we apply supervised fine-tuning co-training using
the real-world dataset D, and the simulation dataset Dy, as
described in Section [II=Cl

This stage serves two critical purposes. First, it enables the
policy to rapidly incorporate task-specific real-world knowl-
edge, which is essential for downstream deployment. Second,
by simultaneously learning from simulated demonstrations, the
policy acquires a reasonable level of competence in the sim-
ulation environment, ensuring a non-trivial task success rate
and thus providing a suitable initialization for reinforcement
learning.

These two properties motivate our choice of SFT co-training
as the first stage of the proposed framework, serving as an
initialization step before RL co-training. We defer a detailed
analysis of its contribution to Section [V-C|

B. Stage II: Sim-Real Co-Training with Real-Regularized RL

While Stage I equips the policy with both real-world and
simulated capabilities, its optimization is limited to imitation
objectives. In Stage II, we seek to further expand the policy’s
competence through online interaction in simulation, while
preventing the degradation of real-world performance.

To achieve this, we introduce an auxiliary supervised fine-
tuning objective on real-world data into the reinforcement
learning fine-tuning process. During RL training in simulation,
each policy update is typically driven by a reinforcement
learning loss Lgr, which encourages exploration and max-
imization of task rewards. We augment this objective with
an additional SFT loss computed on Dy, resulting in the
following combined optimization objective:

Liotar = Lrr + B Lsrr(0; Drear), )

where [ is a weighting coefficient that balances reinforcement
learning updates and preservation of real-world knowledge.



Intuitively, the RL term enables the policy to leverage large-
scale simulated interaction to explore diverse behaviors and
improve task performance, while the real-world supervision
term acts as a regularizer that anchors the policy to real-world
demonstrations, mitigating catastrophic forgetting during RL
fine-tuning. This simple yet effective modification is compati-
ble with a wide range of RL fine-tuning algorithms and forms
the core of our RL-Co framework.

V. EXPERIMENTS

In this section, we empirically evaluate the proposed RL-Co
framework and aim to answer the following questions:

¢ Does RL-Co improve real-world performance compared
to training with real-world data only or SFT-based sim—
real co-training?

o« How do the individual components in our two-stage
framework contribute to the final performance?

o To what extent can our method reduce the amount of
required real-world demonstration data?

To address these questions, we first compare our method
against real-world-only SFT and SFT-based sim-real co-
training across a suite of manipulation tasks, demonstrating
consistent improvements in real-world deployment perfor-
mance (Section[V-B]). We further conduct targeted case studies
to analyze the advantages of RL-Co in terms of generalization,
and systematically explore the impact of different co-training
ratios o and SFT regularization weights 8. These analyses
show that incorporating RL effectively expands the capability
boundary of VLA models beyond what can be achieved with
SFT alone.

Next, we perform ablation studies to systematically examine
the role of each component in our two-stage pipeline, validat-
ing the necessity of both the SFT initialization and the real-
world-regularized RL fine-tuning stage (Section [V-C).

Finally, we investigate the data efficiency of our approach by
comparing it with baseline methods under varying amounts of
real-world demonstrations. The results highlight the potential
of our method to substantially reduce real-world data require-
ments while maintaining strong performance (Section [V-D).

A. Experimental Setting

1) Environmental Setting: To evaluate the proposed model,
we design four tabletop manipulation tasks that require di-
verse perception, language grounding, and control skills. An
overview of the real-world and simulated environments is
shown in Fig. 3]

e Pick and Place. The robot is required to grasp ob-
jects of varying shapes from the table and place them into
a target container.

e Push Cube via Instruction. Three cubes with
different colors are placed on the table, and the robot must
push the correct cube according to a natural language
instruction.

e Open Drawer. The robot is tasked with opening a
closed drawer placed on the table.

Push Cube
via Instruction

Open Drawer /

Pick and Place Close Drawer

Fig. 3: Visualization of our tabletop manipulation tasks.
The top row shows images captured by a third-person camera
in the real-world setup, while the bottom row presents the cor-
responding simulated views. Both real and simulated images
are sampled from the task execution.

e Close Drawer. The robot is required to close an

opened drawer on the table.

We construct the simulation environments using Man-
iSkill [60], matching the real-world setup in terms of camera
viewpoints and scene layout. Rather than pursuing photore-
alistic simulation or advanced visual reconstruction, we only
model the essential object meshes and geometry required for
task execution, without replicating low-level visual properties
such as materials or lighting.

Both simulation and real-world experiments use a Franka
Emika Panda robot with 7-DoF end-effector delta control. In
the real world, observations are captured by an RGB camera
using RGB inputs only.

Across all tasks, the camera pose and robot initial configu-
ration are fixed, while object positions are randomly sampled
within a predefined region. For fair comparison, all methods
are evaluated on the same set of independently sampled initial
states. Each setting is evaluated twice, and performance is
reported as task success rate.

2) Dataset Generation: Real-World Demonstrations. For
all four tasks, we collect expert demonstrations via human
teleoperation using a 3D SpaceMouse. Each trajectory starts
from the same initial conditions as evaluation: the robot is
reset to a fixed configuration, while task-relevant objects are
randomly placed on the table. Expert actions are recorded as
end-effector delta control commands. For each task, we collect
20-50 successful trajectories, forming the real-world dataset
Dreal-

Simulation Dataset Generation. To scale up training
data in simulation, we adopt MimicGen [48] to generate
large numbers of successful trajectories. Instead of collecting
teleoperated demonstrations directly in simulation, we replay
real-world expert trajectories in ManiSkill and use them as
seed trajectories for data generation, thereby grounding the
simulation data in real-world behaviors.

We implement the MimicGen pipeline within ManiSkill and



VLA Model | Experiment Setting | Pick and Place Push Cube Open Drawer Close Drawer | Avg
Real-Only Training 6.3 £+ 0.0 20.0 £ 13.3 0.0 £ 0.0 10.0 £+ 10.0 16.5 £ 133
OpenVLA SFT Co-Training 234 £ 4.7 517 £5.0 0.0 £ 0.0 85.0 £5.0 40.0 £ 3.7
RL-Co (Ours) 58.8 &+ 10.0 68.3 + 11.7 35.0 + 15.0 95.0 £ 5.0 64.0 = 0.7
Real-Only Training 719 + 94 0.0 £ 0.0 0.0 £ 0.0 35.0 £ 15.0 267 £ 14
0.5 SFT Co-Training 68.8 £ 9.4 10.0 £ 3.3 10.0 £ 0.0 95.0 £ 5.0 459 £ 4.4
RL-Co (Ours) 81.3 £ 94 184 + 1.7 65.0 £ 5.0 100.0 £ 0.0 66.2 £+ 4.0

TABLE I: Comparison of real-world success rates under different training paradigms. We compare our RL-Co approach
with real-only SFT and SFT co-training across four tabletop manipulation tasks, evaluated on both OpenVLA and 7 5. Results
are reported in terms of success rate (SR, %). All values are presented as mean =+ standard deviation.

Experiment Setting ‘ In-Distribution ~ Unseen Objects ~ Unseen States

Real-Only 71.9 25.0 (46.9)) 40.0 (31.95))
SFT Co-Training 68.8 31.3 (37.5)) 55.0 (13.8))
RL-Co (Ours) 81.3 56.3 (25.04) 70.0 (11.3})

TABLE II: Comparison of generalization under unseen
settings. We evaluate all 7wy 5 models on the Pick and
Place task under out-of-distribution conditions, including
unseen objects and unseen states. We report the success rate
(SR, %) as well as the relative performance drop compared to
the in-distribution setting.

introduce a minor modification: for each seed trajectory, we
retain only task-relevant key stages and remove long segments
of free-space end-effector motion. This pruning encourages
smoother and more efficient generated trajectories. For each
task, we generate 1,000 successful trajectories, which together
form the simulation dataset Dgip,.

3) Implementation: To validate the generality of RL-Co
across different model families, we implement our method on
two representative vision-language-action policies: the next-
token prediction-based OpenVLA [35]] and the flow-matching-
based w5 model [30]. In the SFT co-training stage, real-
world and simulation datasets are directly mixed, and training
is conducted using the official open-source implementations
provided by each model.

For OpenVLA, we follow the training protocol of Liu et al.
[43] and extend their open-source codebase by incorporating
the proposed real-world regularization loss during the RL op-
timization stage. For the 7y 5 model, we adopt ReinFlow [81]]
as the RL training algorithm. To improve training efficiency
and scalability, we use RLinf [/6] as the underlying training
framework and integrate the real-world regularization term into
the overall RL objective.

For all RL trainings, we fix the total number of environment
interaction steps for each model—task pair and ensure that the
RL objective in simulation is trained until convergence.

B. Main Results

To evaluate the effectiveness of the RL-Co, we compare
our method against two baselines: supervised fine-tuning using
real-world demonstrations only, and SFT-based sim-real co-
training. The quantitative results are reported in Table [l

We first observe that fine-tuning VLA models with only
a small number of real-world demonstrations leads to poor

performance across most tasks. This limitation is particularly
pronounced for OpenVLA, which achieves success rates below
20% across all four environments. The 7y 5 model performs
better on the relatively simple Pick and Place task,
but still struggles in more challenging settings. Introducing
simulated demonstrations via SFT-based sim-real co-training
partially alleviates these issues, yielding clear gains on simpler
tasks (e.g., Close Drawer), but providing only limited
improvement on more complex tasks. Moreover, when real-
only fine-tuning already achieves strong performance, SFT-
based co-training can occasionally lead to slight degradation,
suggesting that purely imitation-based co-training does not
consistently translate simulated data into effective real-world
improvements.

In contrast, RL-Co consistently yields substantially higher
real-world success rates across all task and model combina-
tions, with three settings showing improvements of more than
35%. These results demonstrate that incorporating reinforce-
ment learning enables simulated interaction to enhance task
execution capability more effectively than both real-only fine-
tuning and SFT-based sim-real co-training.

Improvement of Generalization by RL-Co. To further un-
derstand how reinforcement learning contributes to improved
policy performance, we conduct an additional experiment to
evaluate generalization under distribution shifts. Our motiva-
tion is inspired by Liu et al. [43], which suggests that RL
fine-tuning can endow policies with stronger generalization
capability than supervised fine-tuning alone. We focus on
the Pick and Place task and evaluate the performance
of the 7y 5 policy under two unseen settings: (i) Unseen
Objects, where the manipulated objects are replaced with novel
categories that differ from those used during training; and (ii)
Unseen States, where the robot initial pose is perturbed in
ways not encountered during either SFT or RL training. The
results are summarized in Table

Under the original setting, all three methods achieve com-
parable success rates, with RL-Co showing a slight advantage.
However, under unseen settings, real-only fine-tuning degrades
sharply, with success rates dropping by more than 45% for
unseen objects and 30% for unseen states, indicating limited
robustness to changes in object properties and initial condi-
tions. SFT-based sim-real co-training improves generalization
over real-only training, achieving higher success rates in both
unseen settings, suggesting that incorporating simulation data
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enhances robustness beyond the training distribution. Never-
theless, SFT-based co-training still exhibits substantial perfor-
mance degradation, particularly for unseen object categories,
where success rates drop by over 35%.

In contrast, RL-Co demonstrates significantly stronger gen-
eralization, substantially outperforming both baselines under
distribution shifts, with markedly smaller performance degra-
dation in both unseen-object and unseen-state evaluations.
These results indicate that incorporating reinforcement learn-
ing enables the policy to acquire more robust and transferable
behaviors beyond what can be achieved through supervised
co-training alone.

Impact of Different SFT Co-Training Ratios o and Real-
World Regularization Weights /5. We further analyze the
impact of two key hyperparameters in our framework: the
data mixture ratio o used in the SFT-based co-training stage,
and the weight 3 of the supervised regularization loss applied
during the RL fine-tuning stage. Experiments are conducted on
the Pick and Place and Open Drawer tasks using the
7.5 model. Specifically, we vary a during the SFT-based co-
training stage and, then select one resulting model to perform
RL co-training with different values of .

As shown in Fig. [ the mixture ratio o has a significant
impact on the performance of SFT-based co-training. For the
Pick and Place task, strong performance can already be
achieved using real-world data only, and increasing the pro-
portion of simulated data during co-training leads to degraded
real-world performance. In contrast, for the more challenging
Open Drawer task, neither a very small nor an excessively
large simulation ratio yields optimal results, suggesting that
an intermediate range of o provides a better balance between
real and simulated supervision.

Similarly, the regularization weight /3 also has a substantial
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Fig. 5: Ablation study on simulation SFT initialization.
We report the simulation success rate during RL training for
models trained with and without simulation SFT initialization.
Each RL training process is run with three independent random
seeds, and results are presented as the mean success rate with
shaded regions indicating the standard deviation.

impact on the final performance. Notably, across the three
evaluated values of 3, RL co-training consistently yields large
performance improvements over the corresponding SFT-co-
trained models, with success rates exceeding those of all SFT-
only models trained under different a settings. These results
indicate that reinforcement learning effectively extends the
performance limits of SFT-based co-training.

C. Ablation Study

We conduct ablation studies to analyze the contribution of
each component in RL-Co. Specifically, we focus on two
questions: (i) how simulation data in Stage I affects RL
optimization, and (ii) what roles real-world SFT plays in
Stage I and Stage II.

1) Effect of Simulation Data in Stage I: To evaluate the
necessity of simulated data in Stage I, we directly perform RL
co-training starting from a policy trained only with real-world
demonstrations. Fig. [5] compares its success rate in simulation
with a policy initialized via full SFT co-training. Without
simulated SFT initialization, the policy exhibits extremely
poor sample efficiency and maintains a near-trivial success rate
even after over three million interaction steps, whereas SFT
co-training with simulated demonstrations provides a much
stronger initialization and enables efficient RL optimization.
This result demonstrates that simulation data in Stage I is es-
sential for making subsequent RL-based co-training effective.

2) Role of Real-World Supervision in Two Stages: We fur-
ther investigate the role of real-world supervision in each stage
by removing it from Stage I and Stage II respectively. Fig. [6]
reports the real-world success rates of the Pick and Place
task using the 7y 5 model under all ablation settings. When
the real-world SFT regularization is removed from Stage II,
the success rate drops significantly from 81.38% to 40.25%,
indicating that without explicit real-data anchoring, the policy
suffers from catastrophic forgetting during RL optimization in
simulation, even though its simulated performance continues
to improve. Similarly, when real-world SFT is removed from
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Fig. 6: Ablation study on real-world supervision. We ablate
real-world supervised training in Stage I and Stage II sepa-
rately and report the resulting real-world success rates.

Stage I, the final performance further degrades to 12.5%. This
observation highlights the fact that, compared to reinforcement
learning, SFT is substantially more data-efficient in exploiting
limited real-world demonstrations. Since RL requires exten-
sive interaction with the simulator, its learning efficiency
is insufficient for acquiring real-world skills from scratch,
which also explains why the real-world SFT term in Stage II
mainly serves as a regularizer to preserve existing knowledge
rather than enabling effective real-world learning. Finally,
when real-world supervision is removed from both stages,
performance collapses to 6.25%, demonstrating that directly
zero-shot transferring policies trained purely in simulators with
limited visual fidelity remains highly challenging.

D. Data Efficiency

As shown in Section RL-Co outperforms both real-
only training and SFT-based co-training under the same
amount of real-world supervision. We further investigate the
data efficiency of our approach by analyzing how much real-
world data can be saved compared to these baselines. To
this end, we conduct a data-efficiency experiment on the
Open Drawer task, which is representative of contact-rich
manipulation. Starting from the original real-world dataset,
we extend the expert demonstrations to 200 trajectories and
evaluate how performance scales with varying amounts of real-
world data. Specifically, we measure the success rates of real-
only SFT, SFT co-training, and RL-Co as the number of real-
world demonstrations increases, and report the results in Fig.

As expected, all methods benefit from additional real-
world demonstrations, exhibiting consistent performance im-
provements as the dataset size increases. Moreover, with the
assistance of simulated data, SFT co-training improves more
rapidly than real-only training, achieving a success rate of
65% with only 100 real-world demonstrations, which already
surpasses the performance of real-only training using the full
set of 200 demonstrations. However, despite this steady im-
provement, both baselines remain substantially inferior to RL-
Co: even when trained with 200 real-world demonstrations,
their performance is lower than or comparable to that of our
method trained with only 20 real-world demonstrations. These
results demonstrate a clear and pronounced advantage of RL-
Co in terms of real-world data efficiency under the evaluated
settings.

1.04 Real-only training
=@ SFT co-training

0.8 { =@ RL-Co (Ours)
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Fig. 7: Effect of the number of real-world demonstrations.

We vary the amount of real-world demonstrations for the

Open Drawer task and evaluate all training paradigms using

the 7.5 model. Performance is reported in terms of success

rate, with shaded regions indicating the standard deviation.

VI. CONCLUSION

This paper proposes RL-Co, an RL-based sim-real co-
training framework for vision-language-action (VLA) models.
RL-Co addresses a key limitation of prior sim-real co-training
methods that rely primarily on supervised fine-tuning. The
framework follows a general two-stage pipeline and is com-
patible with a wide range of learning algorithms and VLA
architectures. We first initialize the policy via supervised fine-
tuning on a mixture of simulated and real demonstrations.
We then optimize the policy with reinforcement learning in
simulation, while applying an auxiliary supervised loss on real-
world data to preserve real-world behaviors. By incorporating
online interaction and reward feedback, RL-Co goes beyond
static imitation, reduces compounding errors, and mitigates
catastrophic forgetting that can arise in purely supervised
training or simulation-only RL.

Extensive real-world experiments across tasks and popular
VLA models validate the effectiveness of our approach. RL-Co
consistently outperforms real-only fine-tuning and SFT-based
co-training, yielding substantial gains in real-world success
rates, stronger robustness to distribution shifts, and markedly
improved data efficiency. These results suggest that rein-
forcement learning can better realize the value of simulation
in co-training, pushing performance beyond what imitation
objectives alone can achieve.

Limitations. Despite these promising results, our study has
several limitations. First, we evaluate only tabletop manipula-
tion on a single robot embodiment, and we do not explore co-
training across heterogeneous sim-real settings. Second, while
RL-Co improves real-world success, performance remains be-
low 100%, and we do not yet incorporate real-world RL, which
may further improve robustness. Future work will extend the
framework to more diverse tasks, longer-horizon manipulation,
additional robot embodiments, and more efficient sim-real RL
co-training with improved sim-to-real alignment.
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VII. APPENDIX
A. Real-world Environment Setup

Fig. [8]illustrates our real-world evaluation setup. The system
consists of a table-top workspace, a Franka Emika Panda robot
mounted on the table, and a fixed RGB camera. We use the
RGB channels captured by the camera as the visual input to
the VLA model.

RGB camera

Franka Emika
Panda robot

Desk

Fig. 8: Real-world Setup. The real-world evaluation platform
includes a tabletop workspace, a Franka Panda robotic ma-
nipulator fixed to the table, and a RGB camera for visual
perception. All objects are positioned on the table surface.

The robot is equipped with seven actuated joints and a
parallel-jaw gripper with open/close capability. Control is per-
formed in an end-effector delta-pose space: at each timestep,
we command a relative end-effector pose with respect to the
current pose, and compute the corresponding joint updates
using inverse kinematics (IK). The translational components
are specified in the robot base frame, while the rotational
components are represented as roll-pitch—-yaw (RPY) angles
relative to the current end-effector orientation. Gripper actua-
tion is controlled separately using a binary open/close signal.
Overall, the action space is 7-dimensional.

B. Evaluation Details

1) Visualization of All Tasks: Fig. 0] visualizes the four
table-top manipulation tasks evaluated in our experiments.
Pick and Place requires the robot to grasp an object
from the table and place it into a bowl. Push Cube involves
pushing one cube out of three candidates with different colors
according to a language instruction. Open Drawer requires
opening a closed drawer placed on the table, while Close
Drawer requires closing an initially opened drawer.

2) Manipulated Objects: Fig. shows the manipulated
objects used in both simulation and real-world experiments.
The detailed settings are summarized below:

e Pick and Place: In simulation, we use the same set

of 25 objects as in the environment proposed by Liu
et al. [43]. In the real world, objects are divided into two

categories: regular-shaped and irregular-shaped. Regular-
shaped objects consist of toy fruits and vegetables, while
irregular-shaped objects include bowls and gloves. No-
tably, irregular-shaped objects are not included in the real-
world expert demonstrations. For in-distribution evalua-
tion, we select four regular-shaped objects for testing.

e Push Cube: In simulation, we train on five colored
cubes, as shown in Fig. In the real-world setup, we
also use five colors. However, expert demonstrations are
collected only for three colors (purple, yellow, and pink),
while orange and green cubes are excluded from the
demonstration data. During evaluation, three colors are
randomly selected from the five available colors.

e Open/Close Drawer: In the real world, we use the
drawer shown in Fig. In simulation, we construct
a corresponding URDF model with matched geometric
proportions.

3) Objects Initial States: Fig. [[T]illustrates the randomized
regions for the four real-world tasks. The detailed configura-
tions are as follows:

e Pick and Place: The bowl is randomly placed
within a 10 x 20 cm rectangular region, indicated by the
orange area in Fig. [T} For each episode, one object
is selected from a predefined object set, and its center
is randomly placed within a 20 X 25cm rectangular
region, indicated by the blue area in Fig. [[T} To facilitate
controlled evaluation, both the bowl and object regions
are discretized into grids with a minimum resolution
of 5cm. All objects are placed on grid points, and the
same set of initial configurations is used across different
methods.

e Push Cube: For each evaluation episode, three cubes
are randomly selected from all available colors and
randomly ordered. The cubes are initially placed with
a spacing of 15cm, followed by a random perturbation
within a 5 X 5cm region, as indicated by the orange
area in Fig. [IT] The language instruction specifies one of
the three colors. All experiments follow the same color
permutations and spatial configurations.

e Open Drawer: The front edge of the closed drawer
is placed within the orange region shown in Fig. [IT}
with the drawer orientation initially aligned parallel to the
short edge of the table. A random rotational perturbation
of up to 15° is then applied. We uniformly sample 10
predefined initial configurations, which are shared across
all evaluations.

e Close Drawer: Similar to Open Drawer, the drawer
is initially opened by approximately 10 cm, and its front
edge is placed within the same orange region with up
to 15° of rotational perturbation. The same set of 10
predefined configurations is used for evaluation to ensure
fair comparison.

4) Robot Initial State: Unless otherwise specified, the
Franka Emika Panda robot is initialized in a fixed default
configuration across all experiments, as shown in Fig. [§] Here
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Fig. 9: Visualization of Four Tabletop Manipulation Tasks. For each task, we present one successful trajectory and uniformly
sample seven frames along the execution. Each row corresponds to a single trajectory shown from start to completion.
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Fig. 10: Manipulated Objects in Simulation and the Real
World. The left panel shows the objects used in simulation,
while the right panel presents the real-world objects. All
simulated objects are used during training. The real-world
objects are divided into training objects and unseen objects
for generalization evaluation.

we describe additional robot initial states used in the general-
ization experiments. Specifically, we focus on the Pick and
Place task and select four representative objects, each with
a fixed object initialization. For each object, we perturb the
robot tool center point (TCP) by applying a rotation of £30°
around the vertical axis, together with a translational offset
of 5cm along a single Cartesian direction. The perturbations
include forward, backward, leftward, rightward, and upward
translations, resulting in five distinct perturbed initial states.
Each perturbation combines one directional translation with

Fig. 11: Initial Regions for Manipulative Objects. For the
Pick and Place task, the bowl is placed within the orange
region, while the objects are initialized in the blue region.
For the Push Cube task, each cube is initialized within
its corresponding orange region. For the Open / Close
Drawer tasks, the front edge of the drawer is initialized
within the orange region.

the corresponding rotational offset. These perturbations are
summarized in Table[[TI] All other aspects of the environment
and policy remain unchanged.

C. Simulation Training
1) Reward Function Design: We detail the reward function
design for each simulation task in this section.

e Pick and Place: This task is decomposed into
two sequential stages: grasping and placing, which



Perturbation ID Translation (cm) Rotation (deg)

P1 (+5, 0, 0) (forward) +30°
P2 (=5, 0, 0) (backward) —30°
P3 (0, +5, 0) (left) +30°
P4 (0, —5, 0) (right) —30°
P5 (0, 0, +5) (upward) +30°

TABLE III: Robot initial state perturbations applied to
the TCP in the Pick and Place task. Translations are
defined in the world frame, and rotations are applied around
the vertical (z) axis.

are indicated by the binary states is_grasped and
is_placed, respectively. We design two types of re-
ward functions: a dense reward and a sparse reward. The
dense reward is defined as

R = min{]lsuccessv (ngasped(l + Rd(dQ)) + Rd(d2)> }7

©))
where Igrasped and Igyecess are indicator functions denoting
whether the object has been successfully grasped and
placed, respectively. The shaping term R4(z) = 1 —
tanh(10z) provides a smooth distance-based reward that
asymptotically approaches 1 as the distance decreases.
Here, d; and ds denote the distance between the gripper
and the object, and the distance between the object and
the target container, respectively. For the sparse reward,
we assign a reward of 0.2 at the moment when grasping
succeeds, and a reward of 1 upon successful placement.
If the object leaves the target container after a successful
placement due to external disturbances, a penalty of —0.4
is applied. All other timesteps receive zero reward. We
use dense reward when training OpenVLA and use sparse
reward when training 7o 5.

e Push Cube: The objective of this task is to push a
designated target cube into a predefined goal region on
the table. The dense reward consists of three components.
First, a reaching reward encourages the Tool Center Point
(TCP) to approach a pre-defined pushing pose behind the
cube along the pushing direction:

Treach = 1- tanh(5 : ||ptcp - ppushHQ) 5 (10)

where ppyen 18 defined as a point offset from the cube
center by one half cube length plus a small margin along
the pushing axis. Second, once the TCP is sufficiently
close to the pushing pose, a placement reward is activated
to encourage the cube to move toward the goal region:
T'place = 1- tanh(B : ||pfﬁybe - nga1”2) ) (11)
where only planar (z,y) distances are considered. This
term is gated by a proximity condition to ensure that the
agent first establishes contact before being rewarded for
object motion. Finally, a sparse success bonus is assigned
once the cube is pushed beyond the goal center along the
pushing direction and remains within a tolerance band

orthogonal to it:

3.0,
r =
Treach 1 Tplace s

e Open Drawer: In this task, the reward is defined over
three stages corresponding to reaching, opening progress,
and task completion. First, a reaching reward encourages
the TCP to approach the drawer handle:

if succ§ss, (12)
otherwise.

T'reach = 1-— tanh(5 . Hptcp - phandle”Q) . (13)

Second, an opening reward is defined based on the
normalized drawer joint position (open fraction):

Topen = 2 - open_frac, (14)

where the open fraction is computed by linearly normal-
izing the drawer joint position between its minimum and
maximum limits. Once the drawer begins to open, the
reaching reward is saturated to a constant value to avoid
conflicting gradients. The total dense reward is given by:

T = Treach 1+ Topen- (15)

A terminal success reward of 5.0 is assigned when the
drawer is opened beyond a high open-fraction threshold
(e.g., 90% of its range).

e Close Drawer: The Close Drawer task is initialized
from an open state and rewards progress toward closing
the drawer. Instead of absolute position, we define a
progress-based reward using the change in open fraction
between consecutive time steps:

A = open_frac, _; — open_frac,. (16)
The dense reward is then computed as:
r=a-clip(A,—1,1) = 8, 17)

where « is a scaling factor for closing progress and S is
a small time penalty that encourages faster completion.
Once the drawer is closed below a predefined threshold
on the open fraction, a terminal success reward of 5.0 is
issued and overrides the dense shaping terms.

For all tasks, dense rewards are normalized by their respec-
tive maximum achievable reward values to ensure comparable
reward scales across tasks during multi-task training.

2) Performance in Simulation during RL Training: Fig.
shows the success rates of different models on each task
in the simulation environment during RL training. After RL
fine-tuning, all VLA models achieve substantial performance
improvements in simulation compared to their pre-RL coun-
terparts.

D. Implementation Details

For OpenVLA, we fine-tune the model using LoRA with
a rank of 32, whereas 7 5 is fine-tuned with full-parameter
updates. All models are optimized using the AdamW opti-
mizer [44]. The detailed hyperparameters are summarized in
Table [[V]



Pick and Place (OpenVLA)

Push Cube (OpenVLA)

Open Drawer (OpenVLA)

Close Drawer (OpenVLA)

0.61 1.0 1.0
g 0.4 081
So.
@
Q
S oo 0.6 1
E 0.
0.84 0.8
0.44
0.0 0.6 1.2 1.8 0 1 2 3 0 3 6 9 0.0 0.5 1.0 15
Timesteps (x10°) Timesteps (x10°) Timesteps (x10°) Timesteps (x10°)
Pick and Place (my5) Push Cube (rg5) Open Drawer (g s) Close Drawer (g 5)
0.84 1.0 1.0
9] 0.8
Zos 0.8
" 0.6
[
0.6 7 0.4
g 061
n 0.2
0.4
T T T T T T T T T T T 0.0 T T T
0.0 1.5 3.0 0 1 2 3 0.0 0.8 1.6 2.4 0.0 1.5 3.0

Timesteps (x10°)

Fig.

Timesteps (x10°)

Timesteps (x10°)

Timesteps (x10°)

12: Simulation Training Results. We report the simulation success rates across all settings during RL training.

Parameter Names ‘ Setting ‘ Pick and Place Push Cube Open Drawer Close Drawer
General | Number of Real Demos | 50 50 20 30
Co-training ratio o 0.5 0.5 0.5 0.5
SFT learning rate 5x 10~4 5x 10~4 5x 104 5x 104
OpenVLA Regularization weight 3 0.1 0.01 0.01 0.01
Actor learning rate 104 104 1074 1074
Critic learning rate 3x 1073 3x 1073 3x 1073 3x 1073
Co-Training Ratio « 0.5 0.95 0.95 0.98
SFT learning rate 2.5 x 10° 2.5 x 10° 2.5 x 10° 2.5 x 10°
- SFT Ir schedule Cosine Decay Cosine Decay Cosine Decay Cosine Decay
05 Regularization Weight 3 1.0 0.2 1.0 0.1
Actor learning rate 4x 1076 106 4x 1076 7.91 x 1076
Critic learning rate 2x 1074 2x10~4 2x 1074 1.55 x 10~4

TABLE IV: Hyperparameter settings for different VLA models and tasks. We report task-specific hyperparameters used

for OpenVLA and 7y 5 across four real-world manipulation tasks.
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