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Fig. 1: Overview of RLinf-VLA. Built on a unified interface, RLinf-VLA seamlessly supports diverse VLA architectures,
multiple RL algorithms, and various simulators. It provides three GPU allocation modes: collocated, disaggregated, and a novel
hybrid mode and speeds up training by 2.27× compared to the baseline. A single model achieves 98.11% success across 130
LIBERO tasks, and another single model achieves 97.66% success across 25 ManiSkill tasks. For RoboTwin, six task-specific
models achieve an average success rate of 84.63% across 6 tasks.

Abstract—Recent studies have demonstrated the potential of
reinforcement learning (RL) to improve the task performance
of vision-language-action (VLA) models through interaction.
However, current efforts remain fragmented, lacking a unified
platform for fair comparison across architectures and algorithms,
as well as an efficient system design for scalable training. There-
fore, we present RLinf-VLA, a unified and efficient framework

for scalable RL training of VLA models. RLinf-VLA standardizes
the integration of diverse VLA architectures, RL algorithms,
and heterogeneous simulators through a unified interface, en-
abling extensibility and reproducibility. To improve efficiency, the
framework adopts a flexible resource allocation architecture for
rendering, inference, and training in RL pipelines. In particular,
RLinf-VLA introduces a hybrid fine-grained pipeline allocation
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by maintaining only one component on all GPUs at any
given time. When a component finished its computation, it
would be offloaded from GPU to CPU memory, and then
onloaded again when needed for its next task. However,
under the embodiment setting, both Simulator and Generation
require GPU resources and interact frequently in an iterative
manner. The overhead introduced by repeated offload-onload
operations at each interaction becomes prohibitively large and
unacceptable.

Therefore, we implement a modified collocated strategy
where offload and onload operations for the Simulator and
Generation occur only at the beginning and end of the rollout
phase, as shown in the figure. While this approach successfully
avoids the frequent offload-onload overhead during rollout, it
cannot fully utilize GPU resources and remains sub-optimal.
Since Generation and Simulator must interact iteratively, they
spend significant time waiting for each other, occupying GPU
memory without performing computation, leading to resource
wastage and limited scalability.

Fig. 5: Disaggregated Mode (see Figure 4 for legend).

2) The Disaggregated Mode: In this mode, each component
is assigned to a distinct (possibly multi-GPU) partition, with
no overlap across components. Figure 5 depicts the central
idea. This ensures that every component can fully exploit
its allocated resources. This mode is simple to implement,
but it leads to GPU underutilization due to inter-component
dependencies. For example, in Figure 5, GPU 4 and 5 are
completely idle during the rollout phase until training.

Fig. 6: Hybrid Mode (see Figure 4 for legend).

3) The Hybrid Mode with Fine-grained Pipelining: To
overcome the drawbacks of the above modes, we propose
a hybrid mode, where each component can flexibly select
GPUs. In contrast, existing distributed RL systems are less
flexible. For example, veRL [40] primarily adopts a collocated
design, while AReaL [11] and SLiME [52] use a disaggregated
design but still allocate GPUs to each component in contiguous
blocks.

In our hybrid mode, a typical configuration is to assign
Generation and Simulator to different GPU partitions, while
allowing Training to utilize all GPUs. Figure 6 shows an
illustration. However, the resources remain underutilized. For
instance, the Simulator must wait for actions generated by
the Generation, leaving some GPUs idle and creating “GPU
bubbles”.

Fig. 7: Hybrid Mode with Fine-grained Pipelining (k = 2; see
Figure 4 for legend).

On top of this, we introduce fine-grained pipelining to
mitigate bubbles caused by inter-component dependencies.
Specifically, a simulator instance on one GPU is partitioned
into multiple sub-simulators, denoted as S(1), S(2), . . . , S(k).
The pipeline with k = 2 proceeds as follows, where su-
perscripts denote simulator indices and subscripts indicate
timesteps:

1) At step t = 0, S(1) generates the initial observation o
(1)
0 ,

which is sent to the Generation component to produce
action a

(1)
0 .

2) Meanwhile, S(2) generates o
(2)
0 in parallel.

3) Once a
(1)
0 is ready, it is fed back into S(1) to produce

the next observation o
(1)
1 , while o

(2)
0 is simultaneously

processed by the actor to generate a
(2)
0 .

This scheduling allows Simulator and Generation to run
concurrently, reducing idle time while preserving correctness.
In this way, our framework avoids the frequent offloading
overhead of collocated allocation while also eliminating the
GPU bubbles that occur in disaggregated allocation. Figure 6
provides a schematic illustration of the hybrid allocation mode
with fine-grained pipelining (k = 2).

4) The Auto-Placement Algorithm: Since RLinf-VLA sup-
ports multiple GPU allocation modes, automatically determin-
ing an efficient allocation strategy is important. To this end, we
introduce a lightweight automatic GPU placement algorithm
that combines runtime profiling with allocation optimization.

We begin with several practical assumptions. Given N
GPUs, we assume the Training component utilizes all N GPUs
whenever active, as this is typically optimal for compute-
intensive workloads. We therefore focus on optimizing the
Rollout phase, which consists of the Simulator and Generation
components. We consider GPU splitting only between these
two components and restrict the pipeline depth to at most two
stages. Given N GPUs and nS simulation environments, our
goal is to determine the GPU allocation (NS , NG) and pipeline
stage number k ∈ {1, 2} that minimize rollout time, where



lightweight value head to the language model component of
the VLA for efficient state value estimation.
Value for Action Chunks As discussed in Section IV-C1, the
two advantage estimation formulations naturally induce two
corresponding value estimation strategies for an action chunk
ct = (at,1, at,2, . . . , at,C). In the chunk-level formulation, the
critic estimates a single scalar value for the entire chunk,
treating it as a macro-action, i.e., V : S → R. In contrast,
the action-level formulation produces a C-dimensional value
vector, providing an individual value estimate for each atomic
action at,i in the chunk, i.e., V : S → RC . Empirically,
we find that the action-level formulation consistently leads to
better performance.

3) Design Choices for GRPO: Transferring GRPO to em-
bodied tasks introduces several non-trivial challenges. To
address these, we adopt the following design choices.
Valid Action Mask. While rollouts are executed for a fixed
episode duration, tasks often terminate early. This presents
two potential strategies for policy optimization: (1) using
the full trajectory regardless of task completion timing, or
(2) considering only timesteps prior to task completion. Our
framework supports both strategies, referring to the latter as
the Valid Action Mask setting (Figure 8c). Empirically, we find
that masking out post-completion steps generally improves
policy performance in the GRPO setting.
Loss Normalization by Trajectory Length. To ensure
that trajectories of different lengths contribute comparably to
optimization, we normalize the policy loss by the number of
valid timesteps in the Valid Action Mask setting. Specifically,
for a trajectory τi with T succ

i valid timesteps, the contribution
of each timestep to the objective is scaled by 1/Tsucc

i . This
prevents longer trajectories from dominating the gradient and
promotes balanced learning across successful and partially
completed trajectories.
Success Rate Filter. Inspired by the dynamic sampling
strategy in DAPO [47], we introduce a success-rate filter
for GRPO. This filter discards trajectory groups where all
trajectories either succeed or fail, as computing non-zero
advantages requires a mix of successful and failed outcomes.
In practice, this mechanism accelerates convergence and con-
sistently improves policy performance.

V. EXPERIMENT RESULTS

In this section, we systematically investigate three key
questions concerning the effectiveness of the proposed RLinf-
VLA framework:

(1) Is RLinf-VLA high-performance? We evaluate RLinf-
VLA on three representative testbeds, LIBERO, ManiSkill,
and RoboTwin. The results demonstrate that RLinf-VLA
achieves approximately 20–85% improvement over the base
model, highlighting its strong capability to support large-scale
multi-task learning.

(2) Is RLinf-VLA high-efficiency? We benchmark the
framework across both GPU-parallelized and CPU-parallelized
simulators, and observe that the optimal configuration im-
proves training throughput, with speedups of up to 1.88×.

TABLE I: Evaluation results across three simulation bench-
marks. Values denote success rates (%).

(a) Evaluation on ManiSkill.

Method In-Distribution OOD Avg.

OpenVLA (Base) 53.91 39.10
OpenVLA (RLinf-GRPO) 84.38 75.15
OpenVLA (RLinf-PPO) 96.09 81.93

OpenVLA-OFT (Base) 28.13 18.29
OpenVLA-OFT (RLinf-GRPO) 94.14 60.64
OpenVLA-OFT (RLinf-PPO) 97.66 77.05

(b) Evaluation on LIBERO.

OpenVLA-OFT Object Spatial Goal Long 90 Avg.

Base 50.20 51.61 49.40 11.90 42.6742.09
RLinf-GRPO 99.67 98.93 98.32 93.55 98.1298.11

(c) Evaluation on RoboTwin.

OpenVLA-OFT Cup Hammer Bottles Can Pot HandAvg.

Base 75.78 10.15 20.31 9.37 3.13 28.1324.48
RLinf-GRPO 94.53 96.09 92.96 83.59 70.31 70.31 84.63
SimpleVLA-RL 94.2 87.5 68.3 61.2 64.1 57.8 72.18

This finding underscores the necessity of supporting diverse
allocation modes. Notably, RLinf-VLA achieves up to 2.27×
speedup over existing frameworks.

(3) What are the actionable practices for applying PPO
and GRPO to VLA training? Through extensive ablation
studies, we identify the key factors that govern training perfor-
mance, offering practical guidelines for effectively deploying
RL in VLA settings.

(4) Can simulation-based RL benefit real-world deploy-
ment? We conduct a preliminary real-world deployment study
to examine whether policies improved through RL in simu-
lation can transfer to physical robots. Compared with SFT-
only baselines, RL post-training leads to improved real-world
performance in our setup, suggesting the potential practical
value of simulation-based RL for embodied learning.

(5) How extensible is RLinf-VLA across models and
algorithms? We further evaluate RLinf-VLA on additional
VLA architectures and RL algorithms, including π-series
models and off-policy methods. The results in Section X-A
demonstrate the extensibility of the framework across diverse
training settings.

A. Policy Performance

In this section, we evaluate the effectiveness of RLinf-VLA
policies across multiple benchmarks, focusing on task success
rates and generalization performance.

Experimemt Setup. We evaluate RLinf-VLA on three
benchmarks: ManiSkill, LIBERO, and RoboTwin, with full
settings in Appendix III.A.

For ManiSkill, we train on 25 pick-and-place tasks with
object and receptacle variations. We follow the out-of-
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