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Abstract— Autonomous learning of dexterous, long-horizon
robotic skills has been a longstanding pursuit of embodied Al
Recent advances in robotic reinforcement learning (RL) have
demonstrated remarkable performance and robustness in real-
world visuomotor control tasks. However, applying RL in the
real world faces challenges such as low sample efficiency, slow
exploration, and significant reliance on human intervention.
In contrast, simulators offer a safe and efficient environment
for extensive exploration and data collection, while the visual
sim-to-real gap, often a limiting factor, can be mitigated
using real-to-sim techniques. Building on these, we propose
SimLauncher, a novel framework that combines the strengths of
real-world RL and real-to-sim-to-real approaches to overcome
these challenges. Specifically, we first pre-train a visuomotor
policy in the digital twin simulation environment, which then
benefits real-world RL in two ways: (1) bootstrapping target
values using extensive simulated demonstrations and real-world
demonstrations derived from pre-trained policy rollouts, and
(2) Incorporating action proposals from the pre-trained policy
for better exploration. We conduct comprehensive experiments
across multi-stage, contact-rich, and dexterous hand manipula-
tion tasks. Compared to prior real-world RL approaches, Sim-
Launcher significantly improves sample efficiency and achieves
near-perfect success rates. We hope this work serves as a proof
of concept and inspires further research on leveraging large-
scale simulation pre-training to benefit real-world robotic RL.

I. INTRODUCTION

For decades, researchers have been captivated by the
pursuit of embodied AI that could seamlessly generalize
across diverse tasks, demonstrate dexterous manipulation,
and achieve flawless performance upon deployment. While
significant strides have been made in generalizable learn-
ing [1], [2], [3], [4] and dexterous manipulation [5], [6],
[7], the challenge of robust manipulation—ensuring con-
sistent success across real-world conditions—remains an
underexplored frontier, yet one that is indispensable for the
industrialization of embodied intelligence.

While directly applying reinforcement learning to robotic
tasks in real-world settings is a conceptually promising
approach for acquiring robust robot policies, training policies
in physical environments remains both unsafe and costly.
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Even with carefully designed, compliant controllers to ad-
dress safety concerns [8], the challenges of exploration still
hinder sample efficiency. Recent advancements [9], [10] have
demonstrated that integrating human-collected demonstra-
tions to bootstrap the critic or using human interventions
to guide exploration can significantly enhance learning ef-
ficiency, enabling near-optimal visuomotor policies for a
diverse range of precise and dexterous skills. However, these
methods rely on labor-intensive data collection and manual
interventions, making them costly and difficult to scale.

How can we enhance data coverage for real-world robotic
reinforcement learning bootstrapping and improve explo-
ration while minimizing human labor costs? One potential
approach is to leverage simulator. On the one hand, signifi-
cant advancements have been made in automatically gener-
ating large-scale robotic task trajectories in simulation [11],
[12], [13], [14], [15], [16], [17], [18], [19], making it increas-
ingly feasible to develop a simulation-pretrained generalist
policy. On the other hand, Real-to-Sim-to-Real techniques
have been extensively studied in recent works [20], [21],
[22], [23], [24], [22], [25] and have shown promising results
in mitigating the Sim-to-Real gap [26], [27] and building a
digital twin more efficiently [28], [29], [30]. These insights
lead us to the central research question of this study:

How can simulation-pretrained policies, together
with a digital twin, improve the sample efficiency
of real-world robotic reinforcement learning?

To this end, we conduct a proof-of-concept study that re-
stricts our task scenarios to fixed objects and backgrounds
and pre-trains a specialized policy within the digital twin.
We propose SimLauncher, a simple yet effective vision-
based reinforcement learning framework that leverages a
simulated pre-trained policy along with a digital twin to
improve real-world RL’s sample efficiency. We simulated
rollouts generated by the pre-trained policy as demonstra-
tions for critic bootstrapping—providing hundreds of trajec-
tories that significantly expand state coverage. To prevent
the critic from over-exploiting the task-irrelevant features
arising from differences between simulated demonstrations
and the real-world replay buffer, we further incorporate a
limited number of real-world rollouts from the pre-trained
policy to regularize training. Moreover, following IBRL [31],
we use the pre-trained policy to accelerate exploration by
selecting the action with the higher critic score between
those proposed by the pre-trained and the RL policy. Unlike
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Fig. 1: Illustration of our motivation. Given a simulation-pretrained policy, SimLauncher leverages simulated and real-world
rollouts as demonstrations for critic bootstrapping and incorporates the policy for action proposal. SimLauncher significantly
improves the sample efficiency of real-world RL compared with conventional RL methods using human-collected data.

existing methods that integrate state-based simulation digital
twins with real-world RL, SimLauncher adopts a vision-
based setting, offering enhanced robustness and adaptability.

We conduct extensive experiments on three challenging
real-world tasks: a multi-stage task, a precise manipulation
task, and a dexterous hand manipulation task with high-
dimensional action space. SimLauncher outperforms con-
ventional hybrid RL baselines that rely on human-collected
demonstrations. Our analysis suggests that simulated data
alone can effectively support bootstrapping.

II. RELATED WORKS

A. Real-World Robotic Reinforcement Learning

Real-world robotic reinforcement learning (RL) requires
sample-efficient algorithms for high-dimensional inputs like
onboard perception, with easy reward and reset specifica-
tion. Several methods have shown efficient learning from
scratch in the real world [10], [9], [31], [32] or fine-tuning
generalist policies [33], [34]. Recent advances in reset-free
learning [35], [36], [37], [38] aim to minimize human inter-
vention. While prior work has focused on improving sample
efficiency in off-policy RL via offline pretraining [39], [40],
[41], hybrid RL [32], [31], or leveraging foundation model
priors [42], our approach accelerates real-world RL by in-
corporating simulation. In this line, previous studies have
used simulation-trained value functions for exploration [43],
simulation-pretrained actors for exploration efficiency [44],
or fine-tuning pre-trained actors with significant unlearning
periods [45]. In contrast, we propose leveraging a simulation-
pretrained policy for both exploration and generating demon-
stration rollouts to bootstrap critic training. To our knowl-
edge, this is the first bootstrapping-based approach that
uses simulation to enhance real-world RL sample efficiency.
Furthermore, unlike prior state-based methods, we consider
a vision-based setting which improves robustness and gen-
eralizability across diverse real-world scenarios.

B. Real-to-Sim-to-Real Approaches for Policy Learning

Sim2Real transfer is a promising and widely explored
approach for robotic policy learning [46] [47] [48]. However,
the visual and physical discrepancies between simulation and
the real world present significant challenges [46] [49].

To address the visual gap, [20] propose the first
Real2Sim2Real framework, utilizing augmented demonstra-
tions synthesized from a digital twin to enhance the robust-
ness of behavioral cloning. To reduce the burden of recon-

structing a digital twin, ACDC [50] introduces a framework
for retrieving digital assets that exhibit similar geometric and
semantic affordances to the target task scenario.

Inspired by the promising results of 3D Gaussian Splat-
ting (3DGS), recent studies have incorporated 3DGS for
Real2Sim reconstruction [21], [22], [23], enabling training
of RGB-based visuomotor policies via reinforcement learn-
ing [24], reconstructing articulated robot arms [22], and
augmenting real-world data. Additionally, another line of
research explores leveraging Real2Sim for scalable, high-
quality data generation [51], [25], [52], facilitating future
research on training generalist policies in simulation.

Our work integrates 3DGS-based Real2Sim to train a
visuomotor policy and generate simulated demonstrations for
the target task. Unlike previous approaches, we utilize the
trained policy for action proposal in real-world RL, while
the generated demonstrations are used to bootstrap the critic.

ITII. METHOD
A. Overview

Preliminaries. We model our robotic tasks as Markov
Decision Processes M = {S, A, p,P,r,v}, where S is
the observation space, A is the action space, p(sg) is the
distribution over initial states, P is the transition probability
function, r : S x A — {0, 1} is the sparse reward function,
and + is the discount factor. Reinforcement learning (RL)
aims to find the optimal policy 7 that maximizes the cu-
mulative reward F [ELO ytr(st,at)}. The core algorithm
of our method is RLPD [32], a hybrid RL algorithm that
bootstraps on prior data. For each batch, RLPD performs
50/50 sampling from the replay buffer and the demo buffer.
The following objectives are optimized for the parametric
critic @, (s, a) and actor mg(als):

Yy :70+7Ea/~7re [Q@(sl’a/)]v (D

Lo(¢) = Boaw [Qu(s)=p)], @
Lr(0) = —E[Eqnn, [Q@(Sa a) — alogmy(als)]], (3)

where QQ3(s, a) is the target Q network, and « is the entropy
temperature controlling policy randomness.

Overview. We present a proof-of-concept study on im-
proving the sample efficiency of real-world reinforcement
learning (RL) by leveraging a simulation-pretrained policy
and a digital twin. Specifically, we focus on constrained
environments with fixed objects and backgrounds, where we
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Fig. 2: Overview of SimLauncher. In simulation, we collect simulated demos and train a vision-based policy for each task.
We then rollout the pre-trained policy in the real world to collect real demos. The simulated and real-world demos are used
for critic bootstrapping in real-world RL. The pre-trained policy also provides action and bootstrap proposal for the actor.

pretrain a task-specific policy within the corresponding digi-
tal twin. Building on this foundation, we propose a hybrid RL
framework based on two key designs: (1) utilizing rollouts
from the pretrained policy in both simulation and the real
world to bootstrap the critic’s learning, and (2) employing
the pretrained policy to propose alternative actions for online
exploration and critic bootstrapping, analogous to IBRL [31].
Section III-B details the digital twin reconstruction process
and visuomotor policy training. In Section III-C, we outline
our demonstration collection strategies and real-world RL
pipeline, which integrates the pre-trained policy and digital
twin. We evaluate our approach on a diverse set of manip-
ulation tasks, including Pick and Place, Pick and Insert,
and Dex Grasp, as illustrated in Fig. 3.

B. Simulation Policy Learning and Demo Collection

Digital Twin Environments. We initially construct digital
twin environments for real-world tasks to enhance the sim-
to-real transferability of subsequently trained visuomotor
policies. For Pick and Place and Pick and Insert, we
employ 3D Gaussian Splatting (3DGS) to reconstruct the
geometry and texture of robots and task-related objects while
using Isaac Gym [28] for physics simulation. To render
visual observations under different robot and object states,
we follow [21] and transform the objects’ Gaussian kernels
based on their poses. For Dex Grasp, we use Mujoco [53]
for both physics simulation and visual rendering.

Pre-training Visuomotor Policy in Simulation. Our
visuomotor policy is pre-trained using a distillation-based
approach, following PartManip [54]. For each task, we
first train a state-based policy with privileged information
(proprioceptive data and object states) using RL. This policy
generates successful trajectories in simulation, which serve as
visual demonstrations. We then apply behavior cloning (BC)
to these demonstrations to train a visuomotor policy that

takes RGB images and robot proprioceptive data as input.

Mitigating the Sim-to-Real Gap. For the physical sim-
to-real gap, we first calibrate physical parameters, camera
pose, and robot controller by rolling out the same sequence
of actions in both the simulator and the real world and
then comparing the trajectories. For the visual sim-to-real
gap, we apply the following strategies: (1) During simulated
demonstration collection, we randomize the camera pose
within a small range to simulate camera extrinsic calibration
errors. (2) When training the behavior cloning policy, we use
random cropping and color jittering as data augmentation. (3)
We mask out the background in both simulated and real-
world observations. For real-world policy rollout and RL
training, we annotate the first frame’s observations to gener-
ate initial segmentation masks using SAM?2 [55]. Leveraging
SAM?2’s efficient mask-tracking capability, subsequent masks
can be obtained within 0.05s, making it compatible with our
10Hz control frequency.

C. Real-World Online RL with Simulation Bootstrapping

SimLauncher is a simple and effective approach that
leverages a simulation-pretrained policy to perform roll-
outs in both simulation and the real world, enabling the
bootstrapping of the critic. Additionally, it utilizes the pre-
trained policy to propose actions for online exploration. The
corresponding pseudo-code is provided in Appendix B. The
key design choices are detailed below:

Simulated Demo Collection. Simulation provides a safe
and efficient environment for data collection. We leverage
simulation rollouts for critic bootstrapping, denoted as Dy, .
Compared to limited real-world demos from policies or
humans, simulated demos offer broader coverage of initial
conditions and intermediate states. Our base approach relies
on success-only demos, but we also explore an extension:
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Fig. 3: Task illustrations, initialization ranges, and common failure modes. (A) Pick and Place. This task involves
relocating a banana to an electronic scale. Common failure includes the banana slipping off the scale. (B) Pick and Insert.
This task involves grasping a toast and inserting it into the correct slot of a toaster. Common failure includes the toast getting
stuck on the toaster edge. (C) Dex Grasp. This task involves coordinating multiple fingers to achieve a force closure on a
can and lift it by 5 cm. Common failure includes the can slipping off during lifting or being knocked over by the hand.

collecting rollouts uniformly during state-based policy train-
ing with post-rendered image observations, referred to as
hybrid demos. With better state coverage, hybrid demos
improve performance, as discussed in IV-D.

Real-world Demo Collection. Relying solely on simu-
lated demos can lead to the value underestimation of real-
world transitions, negatively impacting online RL perfor-
mance, as noted by [41]. To mitigate this, we deploy the
BC policy in the real world to collect successful trajectories,
denoted as D,..,;. To balance the disparity between simulated
and real-world demos, we sample equally from Dg;,, and
Direqi- Additionally, we incorporate the latest successful
online trajectories into the real demo buffer to minimize
the distribution gap between the replay buffer and the demo
buffer. Each training batch is composed of 25% data from
Dsims 25% from D,.eq;, and 50% from the replay buffer R.

Action and Bootstrap Proposal. Following IBRL [31],
we incorporate the behavior cloning policy during online
interaction for better exploration. Specifically, we select
either the BC action 7°¢ or the RL action 7" by sampling
from a Boltzmann distribution over Q-values, i.e., pg(a)
exp(BQ(s,a)) for a € {a®, a™}, where 3 is the inverse
temperature that controls the sharpness of the distribution.
The proposed action is also used for critic bootstrapping.
This alters the value target in Eq. 1 to:

y=r-+7 Qp(s',d). “4)

ma
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IV. EXPERIMENTS

Our experiments aim to evaluate SimLauncher’s effective-
ness in improving the sample efficiency of real-world RL
for learning a visuomotor policy. We use a diverse test suite
of tasks that challenge online exploration. Specifically, we
focus on three key questions: (1) Can SimLauncher, which
leverages simulated demonstrations for bootstrapping and
a pre-trained policy for exploration, achieve better sample
efficiency than the current state-of-the-art hybrid RL methods
that rely on human demonstrations? (Sec. IV-B) (2) How

crucial are SimLauncher’s key design choices, including
simulated demos, a limited number of sim-to-real demos, and
the action proposal (AP) module? (Sec. IV-C) (3) Why can
simulation pre-trained policy benefit real-world RL despite
the presence of the sim-to-real gap? (Sec. IV-D)

A. Experimental Setup

Tasks and Hardware Setup. We evaluate online explo-
ration using a diverse suite of tasks. While autonomous reset
and reward assignment are key goals for real-world RL, they
are beyond this paper’s scope. To reduce confounding factors,
we manually reset the object and assign a binary reward upon
success. We set the target control frequency for all tasks
to 10Hz. Figure 3 illustrates the task setups, randomization
ranges, success criteria, and common failure modes. Details
for each task are as follows:

Pick and Place: A daily multi-stage robotic manipulation
task [56]. The setup features a Franka arm with a Franka
Hand parallel gripper. Observations include two third-person
RGB images and the gripper state. The action space com-
prises a 3-DoF delta TCP translation and a binary gripper
action. The object is randomly initialized in each episode.

Pick and Imsert: Another multi-stage task involves
contact-rich manipulation, which adds complexity. The hard-
ware setup, observation, and action space match those of Pick
and Place. The object is randomly initialized in each episode.

Dexterous Hand Grasping: Grasping a columnar can
requires leveraging both support and friction forces for
stability. We use a Franka arm with a Leap Hand, freezing
5 of its 16 DoFs to prevent excessive finger collisions.
Observations include a third-person camera image and hand
joint state, while the action space consists of a 3-DoF delta
TCP translation and 11-DoF delta hand joint. The object and
hand wrist pose are randomly initialized per episode.

Baselines. We do not have a strict baseline that perfectly
matches our setting. Nevertheless, we compare our method
with state-of-the-art RL approaches [31], [32] that integrate
human-collected offline data with online RL. RLPD is our
core online RL algorithm, as detailed in III-A, demonstrating
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Fig. 4: Comparison with baselines. SimLauncher significantly outperforms state-of-the-art RL approaches that leverage
human-collected demos and behavior-cloning methods. We report the mean and standard deviation over 3 seeds.

Training Success Rate (%)
Task
Time (min) Ours IBRL RLPD
Pick and Place 37.5453 100.0 58.3+10.3 20.048.2
Pick and Insert 41.8492.4 100.0 53.3+14.3 46.7+8.5
Dex Grasp 20.042.7 100.0 81.742.4 65.0410.8

TABLE I: Evaluation of RL-based methods. The success
rates are reported over 20 trials. For baselines, we evaluate
the checkpoints when Ours achieve 100% success rate. We
report the mean and standard deviation over 3 seeds.

superior results compared to offline-to-online RL methods.
IBRL further incorporates a policy obtained via behavior
cloning from the human demos and utilizes the BC policy
for action and bootstrap proposal, as detailed in III-C. IBRL
achieves state-of-the-art performance among hybrid RL ap-
proaches. Therefore, we do not compare with other hybrid
RL algorithms in this work. Following [10], we provide
20 human demonstrations for IBRL and RLPD, which is
a commonly used and user-affordable setting.

B. Comparison with Baselines

To answer Question 1, we compare our method with
baselines across three tasks illustrated in Fig. 3. While our
setup does not perfectly match the baselines, we ensure a fair
comparison by setting the number of real demonstrations in
SimLauncher to 20, identical to the baselines using human
demos. Additionally, we align the usage of offline data in
IBRL with our approach for fair comparison, rather than
using buffer initialization as in the original paper. We present
learning curves for all tasks in Fig. 4, where success rate
and episode length are computed as running averages over
the latest 20 episodes. Each experiment is repeated 3 times
with different seeds, and we report the mean and variance.
We also compare the earliest training checkpoint where our
method reaches 100% success with baseline checkpoints at
the same timestep, as shown in Tab. L.

As illustrated in Fig. 4, our method consistently out-
performs all baselines across all tasks. When our method
converges to near-perfect performance (100%), the strongest
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Fig. 5: Ablation study on our key design choices, 3 seeds.

baseline, IBRL, lags behind by 20-40% (Tab. I). These
results demonstrate that our approach significantly improves
sample efficiency compared to conventional hybrid RL meth-
ods that rely on human-collected data. Notably, on Pick and
Place and Pick and Insert, which involve more sequential
stages than Dex Grasp, our method exhibits a greater
advantage, as shown in Fig. 4 and Tab. I. This aligns with our
intuition that the state coverage provided by simulation pre-
training is particularly beneficial for tasks with more complex
exploration challenges. Surprisingly, both our method and
baselines converge within 30 minutes on Dex Grasp, even
faster than on Pick and Place. This may be due to a higher
FPS of the actor and learner nodes during training, reaching
10 Hz and 12 Hz, respectively. However, our method requires
16000 learner steps to converge on Dex Grasp, which
exceeds the 10000 steps needed on Pick and Place.

C. Ablation Studies

To answer Question 2, we compare our method with three
ablated versions: Ours w/o Sim Demo, Ours w/o Real
Demo, and Ours w/o AP, which respectively remove simu-
lated demos, sim-to-real rollout demos, and action proposals
by the simulation-pretrained policy, on Pick and Place. The
evaluation follows the same procedure as in Sec. IV-B.

As shown in Fig. 5, all three ablated versions under-
perform the full method, underscoring the importance of
each design choice. Ours w/o Real Demo suffers the most
significant drop, likely due to critic overfitting, emphasizing
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the necessity of real-world demos for regularization. Its
critic assigns lower values to real-world interactions, possibly
because bootstrapping from both successful simulated demos
and low-success-rate replay exacerbates overfitting. Ours
w/o AP struggles early on, as other methods leverage a pre-
trained policy with a 73.3% success rate. However, after the
“cold start,” it rapidly improves and converges faster than
Ours w/o Real Demo and Ours w/o Sim Demo, likely due
to the combined benefits of simulated and real-world demos
enhancing stage coverage and stabilizing training.

D. Analysis

To answer Question 3, we study the robustness of our
proposed action proposal and simulated demonstration boot-
strapping approach to the sim-to-real gap. Below all the
experiments are conducted on Pick and Place.

Takeaway 1: Scaling simulation pre-training improves
sim-to-real policy transfer. We compare a BC policy trained
on different numbers of simulated demos with one trained on
human-collected demonstrations. As shown in Tab. II, the
performance of the BC policy on simulated data consistently
improves as the training data increases. Although Sim-BC
underperforms Human-BC when trained on the same amount
of data (e.g., 20 trajectories), likely due to the sim-to-real
gap, simulation allows for scalable data collection. With
extensive training (e.g., 1000 trajectories), Sim-BC achieves
high real-world success despite the sim-to-real gap.

‘ Human ‘ Simulation

# of Demos \ 20 \10 20 50 100 1000

Success Rate (%) | 65 |25 45 55 70 75

TABLE II: Scaling simulation data for behavior cloning.

Takeaway 2: Simulated demonstrations alone enable
effective bootstrapping. A key concern when using simu-
lated demos for bootstrapping is that the critic might overfit
to simulation-specific features, allowing it to distinguish
between simulated demos and the real-world replay buffer.
To examine this, we compare the RLPD method using
different sources of demos: 100 simulated demos, 20 human-
collected real demos, and 20 simulated demos. As shown in
Fig. 6, simulated demos alone can effectively bootstrap real-
world RL. While RLPD with 20 simulated demos performs
slightly worse than using 20 human demos, scaling up the
number of simulated demos to 100 significantly improves
efficiency, surpassing RLPD with 20 human demos.
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Fig. 7: Enlarging state-coverage of simulated demonstrations can
further improve sample-efficiency of Ours, 3 seeds.
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Fig. 8: Visualization of state coverage in hybrid and success-only
simulated demonstrations on the Pick and Place task.

Takeaway 3: Expanding state coverage in simulated
demonstrations enhances bootstrapping. A key advantage
of simulation is its scalability in data generation. This
raises the question of whether increasing state coverage in
simulated demonstrations can improve sample efficiency. To
investigate this, we construct a “hybrid demo” by collecting
rollouts uniformly throughout the state-based policy training
process, and post-render the image observations. As illus-
trated in Fig. 8, this approach provides better state coverage.
Furthermore, as shown in Fig. 7, using the hybrid demo
buffer leads to slightly improved sample efficiency, suggest-
ing that expanding state coverage in simulated demonstra-
tions can further enhance bootstrapping.

V. CONCLUSION

We present SimLauncher, a vision-based real-world re-
inforcement learning approach that integrates digital twins
to bridge simulation pretraining and real-world policy op-
timization. Simlauncher leverages simulated and real-world
rollouts from the simulation pre-trained policy for critic
bootstrapping and combines action proposals from the pre-
trained policy for better exploration. Our method achieves su-
perior sample efficiency compared to conventional hybrid RL
approaches with an affordable scale of human demonstration
across multi-stage tasks, precision manipulation challenges,
and high-DoF dexterous manipulation.

Limitations and Future Works. SimLauncher’s adapt-
ability is fundamentally constrained by the simulation en-
vironment, which struggles to accurately replicate highly
dynamic scenarios, high-precision tasks, or interactions with
deformable objects. Our current implementation relies on
real-time segmentation for real-world observations. In fu-
ture work, we may leverage large-scale training or domain
randomization to reduce this dependency. Additionally, this
proof of concept does not include a fully autonomous system
for self-resetting or reward control; future works might incor-
porate advances in autonomous reinforcement learning, such
as training a reward classifier [10] and a reset policy [35].
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APPENDIX

A. Implementation Details

TABLE III: Implementation details across tasks

Parameter Pick & Place Pick & Insert  Dex Grasp
Randomization +10cm (xy) +8cm (xy) +10cm (xy)
+4cm (z)
Initial o 0.02 0.02 0.1
Critic ensemble 10 10 10
Sub-samples 2 2 10
Discount (v) 0.97
Agent DrQv2

B. PSEUDO CODE of SimLauncher
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