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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 reliably solve real-
world tasks remains a central challenge in robotics. Vision-
language—action (VLA) models have recently emerged as a
promising paradigm, achieving strong results in robotic ma-
nipulation [1-6] and visual navigation [7—13]. These models
are typically pretrained on large-scale real-world demonstra-
tions [14-16], learning perception and control from expert
data. However, despite extensive pretraining, performance
often degrades under novel scenes and task variations [17].
Moreover, collecting large-scale real-robot data remains costly
and time-consuming.

Simulation provides a scalable alternative. Modern simula-
tors [18-22] and large open-source asset libraries [23-26] en-
able diverse training environments at scale. Early approaches
relied on domain randomization [27-29] to bridge the sim-to-
real gap, but required careful manual design and struggled
with complex manipulation. More recent real-to-sim-to-real
pipelines [30-34] and generative modeling approaches [35—

] improve visual fidelity and diversity. Nevertheless, high-
fidelity simulation demands accurate modeling of geometry,
materials, contacts, and sensing, increasing system complexity
and limiting scalability across tasks.

Beyond direct sim-to-real transfer, recent work [6, 30, 31,

—44] explores sim-real co-training that jointly leverages
simulated and real data. By leveraging scalable simulation
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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, via RL in simulation followed by sim-to-real transfer,
or via SFT-based sim-real co-training. We instead propose an
RL-based sim-real co-training (RL-Co) framework, which ini-
tializes with sim-real SFT and then performs RL in simulation
with real-world SFT regularization.

data, these methods outperform real-only training and remain
effective even under visual mismatch [41] or loosely related
tasks [42]. However, most existing approaches remain purely
supervised, treating simulation as static demonstration data and
failing to exploit scalable interactive learning.

Meanwhile, behavior cloning via SFT is prone to com-
pounding errors under distribution shift [45]. Recent work [46—

] investigates reinforcement learning (RL) as a post-training
paradigm for VLA models, achieving higher success rates and
stronger generalization in simulation. Yet these methods typ-
ically rely on zero-shot sim-to-real transfer with domain ran-
domization, often resulting in substantial performance drops
on real robots.

In this work, we propose an RL-based sim-real Co-training
(RL-Co) framework that combines interactive simulation with
real-world supervision. Our two-stage approach first initial-
izes the policy via supervised co-training on mixed real and
simulated demonstrations, then performs RL in simulation
while incorporating an auxiliary supervised loss on real-world
data to prevent catastrophic forgetting and preserve real-world
capabilities.

We validate RL-Co on four real-world tabletop manipulation
tasks using two representative VLA models, OpenVLA [5]
and 7 5 [4]. Across tasks and models, RL-Co consistently



outperforms real-only fine-tuning and SFT-based sim-real co-
training, achieving higher real-world success rates. In addition,
our method demonstrates stronger generalization to unseen
variations, greater robustness to hyperparameter choices, and
substantially improved real-world data efficiency, providing a
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 integrate visual per-
ception and linguistic reasoning into a unified foundation
model for robotic control [1-5, 51]. Built on advances in Large
Language Models and Vision-Language Models [ ], they
are typically pretrained on large-scale internet images [57—

] and robotic demonstrations [14, ]. Such pretraining
enables strong generalization, allowing VLAs to follow natural
language instructions and perform diverse manipulation tasks
across embodiments.

B. Fine-Tuning VLA Models via Reinforcement Learning

Post-training adapts pretrained VLA models to downstream
manipulation tasks. Most methods rely on Supervised Fine-
Tuning (SFT), which aligns policies with target distributions
using limited demonstrations [61-63]. However, SFT suffers
from covariate shift, where compounding errors cause policies
to deviate from expert trajectories [45, 46, 64].

Recent work introduces reinforcement learning (RL) into
post-training, enabling improvement through interaction and
trial-and-error. Depending on the VLA architecture, diverse
RL strategies have been explored [46, 47, 49, 50, 65-68].
For example, [49] exploit temperature sampling in Open-
VLA [5] for PPO-based fine-tuning [69], while [47] introduce
stochasticity into flow matching denoising [70] to improve
exploration. However, most RL-based VLA training remains
simulation-based for safety and efficiency, requiring sim-to-
real transfer or extensive domain randomization. Direct real-
world RL avoids this gap [65-68, 71] but is constrained by
cost, safety risks, and slow data collection [72]. In contrast, our
method bridges simulated RL and real-world data constraints
to enable efficient policy improvement without heavy sim-to-
real engineering.

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

Simulation provides scalable and safe robotic learning, but
the sim-to-real gap remains a core challenge. High-fidelity
digital twins reduce this gap through accurate visual and
physical modeling [73-76], yet are costly and still struggle to
capture real-world complexity. Domain Randomization (DR)
instead improves robustness by randomizing visual and phys-
ical parameters during simulation [27-29, 74, 77], but often
requires extensive training and careful tuning to avoid overly
conservative policies.

Recent work shifts toward sim-real co-training, jointly op-
timizing policies with simulated and real-world data [6, 30,

, 39-44]. Some approaches reduce the domain gap by
learning invariant representations shared across simulation and

reality [39, 40, 78], while others treat simulation as large-scale
data augmentation to improve generalization even with limited
visual fidelity or task alignment [21, 30, 31, 42, 79, 80].

However, most co-training methods treat simulation as a
static trajectory source, overlooking its interactive nature. Our
method builds on data augmentation while incorporating rein-
forcement learning into the co-training loop, enabling active
exploration in simulation and grounding policies with real-
world data.

III. PRELIMINARIES
A. Problem Formulation

For each real-world manipulation task 7i.,, we construct a
corresponding digital-twin simulation environment, resulting
in a simulation task Ty, [81]. The simulator mirrors the
real setup while enabling scalable data collection through
interaction. Both real and simulated tasks are modeled as
Partially Observable Markov Decision Processes (POMDPs):

Mq = (Sq, A, Pa,R,0q, L, P(s0),7), (1)

where ) € {real,sim} denotes the real or simulated environ-
ment.

Following [42], we define each component as follows:
Sq and Oq denote the system state and observation spaces,
which differ across environments but share the same robot
embodiment and sensing modalities. Both domains use an
identical action space A and control interface. State transitions
follow si11 ~ Pqo(- | st a¢), where simulation dynamics
may differ slightly from real-world physics. The language
instruction £ specifies the task goal and is shared across
domains. The reward function R(s,1) evaluates task progress
given the current state and instruction. Both tasks share the
same initial state distribution sg ~ P(sp), and v € (0,1)
denotes the discount factor.

Under this formulation, a vision-language-action (VLA)
policy mp conditions on the most recent H observations
o’é{H 1% and instruction [ to predict a sequence of future
actions a;.pqpn—1-

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

We study post-training of vision-language-action (VLA)
policies under supervised and reinforcement learning
paradigms. Given a pretrained policy 7y, fine-tuning adapts
the model to downstream manipulation tasks using expert
demonstrations or interactive environment feedback.

1) Supervised Fine-Tuning (SFT): Given an expert demon-
stration dataset Dy = {(7(), 1))} |, each trajectory 7(¥) =
{(Oy),ay)) i) contains observation-action pairs with in-
struction {(¥). SFT trains my by minimizing the discrepancy
between predicted and expert actions:

Lspr(0) =

B 1 VSFT Atitth—1, st th—1
(m,1)~Dr, t~Unif ({1~K . }) (Qt:t+h—1, Qtt+h—1) |5

(2
where the predicted action chunk is Gppap—1 =
m9(0t—p41:4,1), and ag.44p—1 denotes the corresponding

expert actions.
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Fig. 2: Overview of the proposed two-stage sim-real co-training framework. We construct a digital-twin setup where Ty,
corresponds to Ti., despite visual discrepancies. Stage I initializes the policy via SFT on mixed real and simulated data
(ratio o). Stage II performs RL in simulation while applying a real-world SFT loss as regularization to preserve real-world

capabilities.

2) Reinforcement Learning (RL) Fine-Tuning: RL fine-
tuning further improves the policy through interaction by
maximizing the expected discounted return:

™ = arg II}TE:XE,TGJD [Z’th(st, l)], 3)

t=0
where actions follow a; ~ my(-|ot,1) and transitions follow
St4+1 ™~ P(st,at).

Although RL implementations vary across VLA architec-
tures, existing methods generally alternate between trajectory
collection and reward-guided policy updates. Our method fol-
lows this framework and introduces an additional supervised
objective on real-world data during RL optimization, making
it compatible with a wide range of RL fine-tuning algorithms.

C. SFT-based Co-Training

Given a real-world task Ti., and its digital-twin simulation
counterpart Ty, we assume access to expert demonstrations
Drear and Dy, collected in the respective environments. A
straightforward way to leverage both sources is supervised co-
training, which jointly fine-tunes the VLA policy using mixed
real and simulated data. The objective is defined as a weighted
combination of SFT losses:

Lsrr(8) = a Lser(0; Dsim) + (1 — @) Lspr(0; Drear),  (4)

where o € [0,1] controls the proportion of simulated super-
vision. Following [42], this is equivalently implemented by
sampling trajectories from Dg,, with probability o and from
Dreal With probability 1 — a.

Although widely adopted for sim-to-real transfer, SFT-based
co-training remains limited by imitation learning, as it depends

on demonstration quality and cannot exploit reward feedback
or online interaction. These limitations motivate our RL-based
co-training approach.

IV. METHOD

In this section, we present our RL-based sim-real Co-
training (RL-Co) framework, illustrated in Fig. 2.

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

Starting from a pre-trained VLA policy 7y not adapted to
the target tasks, Stage I initializes the policy using both real-
world and simulated demonstrations. We perform supervised
fine-tuning co-training on the real-world dataset Dy, and the
simulation dataset Dg;,,, as described in Section III-C.

This stage serves two purposes. First, it incorporates task-
specific real-world knowledge required for deployment. Sec-
ond, learning from simulated demonstrations establishes suffi-
cient competence in simulation, ensuring a non-trivial success
rate and providing a suitable initialization for reinforcement
learning. These properties motivate SFT co-training as the first
stage of our framework. A detailed analysis is provided in
Section V-C.

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

While Stage I equips the policy with real-world and simu-
lated capabilities, its optimization remains limited to imitation
objectives. Stage II expands policy competence through online
interaction in simulation while preventing degradation of real-
world performance.

We introduce an auxiliary supervised fine-tuning objective
on real-world data into the reinforcement learning process.
During simulation RL training, policy updates are driven
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Fig. 3: Visualization of our tabletop manipulation tasks.
The top row shows third-person real-world observations, while
the bottom row presents the corresponding simulated views.

by the reinforcement learning loss Lgy, which promotes
exploration and reward maximization. We augment it with an
additional SFT loss computed on Dy, yielding:

Lioar = Lrr. + B Lsr(0; Drear), )

where [ balances reinforcement learning updates and preser-
vation of real-world knowledge.

The RL term leverages large-scale simulated interaction to
explore diverse behaviors and improve performance, while
real-world supervision regularizes the policy toward demon-
strations, mitigating catastrophic forgetting during RL fine-
tuning. This simple modification is compatible 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?

e« 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?

A. Experimental Setting

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

e Pick and Place. Grasp objects with varying shapes
and place them into a target container.

e Push Cube via Instruction. Push the correct
cube according to a natural language instruction.

e Open Drawer. Open a closed drawer on the table.

e Close Drawer. Close an opened drawer on the table.

Simulation environments are built using ManiSkill [20],
matching the real-world camera viewpoints and scene layout.
Rather than photorealistic reconstruction, we model only es-
sential object geometry required for task execution.

Across all tasks, the camera pose and robot initialization
are fixed, while object positions are randomly sampled within
predefined regions. All methods are evaluated on identical
initial states for fair comparison. Each setting is evaluated
twice and reported as task success rate.

For each task, we collect 20-50 real-world expert demon-
strations via teleoperation, and generate 1,000 successful tra-
jectories in simulation for training.

2) Implementation: To validate the generality of RL-Co, we
implement our method on two representative VLA policies:
OpenVLA [5] and the flow-matching-based 7y 5 model [4]. In
the SFT stage, real-world and simulation datasets are directly
mixed and used for training with the official open-source
training pipelines.

For OpenVLA, we follow [46] and extend the codebase
by introducing the real-world regularization loss during RL
optimization. For 75, we adopt ReinFlow [47] as the RL
algorithm. RL training is conducted using RLinf [82], with the
real-world regularization term integrated into the RL objective.

For all RL experiments, we fix the total number of environ-
ment interaction steps for each model-task pair and train in
simulation until convergence.

B. Main Results

To evaluate the effectiveness of RL-Co, we compare our
method with two baselines: real-world-only SFT and SFT-
based sim-real co-training. Quantitative results are reported
in Table L.

Fine-tuning VLA models using only limited real-world
demonstrations results in poor performance across most tasks.
This limitation is particularly evident for OpenVLA, whose
success rates remain below 20% in all environments. The mq 5
model performs better on the simpler Pick and Place
task, but still struggles in more challenging scenarios. In-
troducing simulation data through SFT-based co-training im-
proves performance on easier tasks (e.g., Close Drawer)
but provides limited gains on harder ones. Moreover, when
real-only SFT already performs well, co-training can occa-
sionally degrade performance, indicating that imitation-based
sim-real mixing does not reliably translate simulated data into
real-world improvements.

In contrast, RL-Co consistently achieves substantially higher
real-world success rates across all model-task combinations,
with three settings improving by more than 35%. These results
demonstrate that reinforcement learning enables simulated
interaction to enhance policy capability more effectively than
both baselines.

Improvement of Generalization by RL-Co. To further
analyze the role of reinforcement learning, we evaluate gen-
eralization under distribution shifts. Using the Pick and
Place task with the 7 5 policy, we consider two unseen
settings: (i) Unseen Objects, involving novel object categories,



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 (25.0) 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.

and (ii) Unseen States, where the robot initial pose is per-
turbed. Results are summarized in Table II.

Under the original setting, all methods achieve comparable
performance, with RL-Co slightly outperforming the baselines.
However, real-only SFT degrades sharply under distribution
shifts, dropping by more than 45% for unseen objects and 30%
for unseen states, indicating limited robustness. SFT-based co-
training improves generalization, showing higher success rates
in both unseen settings, but still suffers substantial degradation,
especially for unseen objects (over 35% drop).

In contrast, RL-Co demonstrates significantly stronger gen-
eralization, with markedly smaller performance drops in both
unseen-object and unseen-state evaluations. These results sug-
gest that RL enables policies to acquire more robust and
transferable behaviors beyond supervised co-training alone.

Impact of Different SFT Co-Training Ratios o and Real-
World Regularization Weights 5. We further study two
key hyperparameters: the data mixture ratio o used during
SFT co-training, and the real-world regularization weight /3
applied during RL fine-tuning. Experiments are conducted on
the Pick and Place and Open Drawer tasks using the
7.5 model. We first vary « during SFT co-training, then select
one model for RL co-training with different /3 values.

As shown in Fig. 4, the mixture ratio « strongly affects
SFT co-training performance. For Pick and Place, where
real-only training already performs well, increasing simulated
data degrades real-world performance. In contrast, for the more
challenging Open Drawer task, both very small and exces-
sively large simulation ratios perform poorly, and intermediate
« values provide a better balance between supervision sources.

The regularization weight (3 also significantly influences
performance. However, across all evaluated 8 values, RL co-
training consistently produces large improvements over the
corresponding SFT models, achieving higher success rates
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Fig. 4: Analysis of the co-training ratio (o) and regu-
larization weight (5). We vary o for SFT co-training on
Pick and Place and Open Drawer. RL co-training is
evaluated under different 8 values using o = 0.5 for Pick
and Place and a = 0.95 for Open Drawer. Shaded
regions denote standard deviation.

than all SFT-only settings across different o. These results
show that reinforcement learning effectively extends the per-
formance boundary of SFT-based co-training.

C. Ablation Study

We conduct ablation studies to analyze the contribution of
each component in RL-Co, focusing on two questions: (i) how
simulation data in Stage I influences RL optimization, and (ii)
the role of real-world supervision in Stage I and Stage II.

1) Effect of Simulation Data in Stage I: To evaluate the
importance of simulated data in Stage I, we directly per-
form RL co-training from a policy trained only on real-
world demonstrations. As shown in Fig. 5, this initialization
leads to extremely poor sample efficiency, with near-trivial
simulation success rates even after more than three million
interaction steps. In contrast, SFT co-training with simulated
demonstrations provides a much stronger initialization and
enables efficient RL optimization. These results demonstrate
that simulation data in Stage I is critical for effective RL-based
co-training.

2) Role of Real-World Supervision in Two Stages: We
further study the role of real-world supervision by removing it
from Stage I and Stage II separately. Fig. 6 reports real-world
success rates on the Pick and Place task using the 7 5
model.
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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.

Removing real-world SFT regularization from Stage II
reduces the success rate from 81.38% to 40.25%, indicat-
ing catastrophic forgetting during RL optimization in sim-
ulation despite improved simulated performance. Removing
real-world SFT from Stage I further degrades performance
to 12.5%, highlighting the higher data efficiency of SFT
compared with RL when leveraging limited real-world demon-
strations. Since RL relies on extensive simulator interaction,
the real-world SFT term in Stage II mainly acts as a regularizer
to preserve learned real-world skills. Finally, removing real-
world supervision from both stages results in a collapse
to 6.25%, showing that zero-shot transfer from low-fidelity
simulation alone remains highly challenging.

D. Data Efficiency

As shown in Section V-B, RL-Co outperforms both real-
only training and SFT-based co-training under the same
amount of real-world supervision. We further study its data
efficiency by evaluating how much real-world data can be
reduced compared to these baselines. We conduct experiments
on Open Drawer task. The real-world dataset is expanded
to 200 expert demonstrations, and we evaluate real-only SFT,
SFT co-training, and RL-Co under varying amounts of real-
world data. Results are reported in Fig. 7.

As, expected, all methods benefit from additional demon-
strations, showing steady performance improvements as data
increases. With simulated data, SFT co-training improves
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Fig. 7: Effect of the number of real-world demonstrations.
Performance on the Open Drawer task using the my 5 model
under different amounts of real-world data. Shaded regions
denote standard deviation.

faster than real-only training, reaching 65% success with
100 demonstrations, already exceeding real-only training us-
ing all 200 demonstrations. However, both baselines remain
clearly inferior to RL-Co: even with 200 demonstrations,
their performance is comparable to or worse than our method
trained with only 20 demonstrations. These results highlight
the substantial real-world data efficiency of RL-Co under the
evaluated settings.

VI. CONCLUSION

This paper presents RL-Co, an RL-based sim-real co-
training framework for vision-language-action (VLA) models
that overcomes limitations of prior methods relying mainly on
supervised fine-tuning. RL-Co follows a two-stage pipeline
compatible with diverse learning algorithms and VLA archi-
tectures. The policy is first initialized via supervised fine-
tuning on mixed simulated and real demonstrations, and then
optimized with reinforcement learning in simulation while an
auxiliary supervised loss on real-world data preserves real-
world behaviors. By leveraging online interaction and reward
feedback, RL-Co moves beyond static imitation, reduces com-
pounding errors, and mitigates catastrophic forgetting common
in supervised training or simulation-only RL.

Extensive real-world experiments across tasks and popu-
lar VLA models validate our approach. RL-Co consistently
outperforms real-only fine-tuning and SFT-based co-training,
achieving higher real-world success rates, stronger robustness,
and improved data efficiency. These results highlight the po-
tential of reinforcement learning to better leverage simulation
in co-training and surpass imitation-only objectives.

Limitations. Despite promising results, several limitations
remain. We evaluate only tabletop manipulation on a single
robot embodiment and do not study heterogeneous sim-real
settings. Although RL-Co improves real-world success, per-
formance remains below 100%, and real-world RL is not yet
incorporated, which may further enhance robustness. Future
work will extend the framework to more diverse tasks, longer-
horizon manipulation, additional embodiments, and more ef-
ficient sim-real RL co-training with improved sim-to-real
alignment.
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