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Figure 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, speeding
up training by 2.27× compared to the baseline. A single unified model achieves 98.11% success on 130 LIBERO tasks and 97.66% on 25
ManiSkill tasks. RLinf-VLA achieves an average 84.63% success on 6 RoboTwin tasks.

Abstract

Recent advances in vision-language-action (VLA) models001
have motivated the extension of their capabilities to em-002
bodied settings, where reinforcement learning (RL) offers003
a principled way to optimize task success through interac-004
tion. However, existing methods remain fragmented, lack-005
ing both a unified platform for fair comparison across ar-006
chitectures and algorithms and an efficient system design007
for scalable training. To address these challenges, we in-008
troduce RLinf-VLA, a unified and efficient framework for009
scalable RL training of VLA models. RLinf-VLA achieves010
unification by providing a unified interface that standard-011
izes the integration of diverse VLA architectures, multiple012
RL algorithms, and heterogeneous simulators, enabling ex-013
tensibility. To ensure efficiency, the system adopts a flex-014
ible resource allocation architecture for rendering, infer-015

ence, and training workloads in RL pipelines. In particular, 016
for GPU-parallelized simulators, RLinf-VLA introduces a 017
hybrid fine-grained pipeline allocation strategy, yielding a 018
1.61x–1.88x training speedup. Using this unified system, 019
models trained with RLinf-VLA demonstrate consistent per- 020
formance improvements of approximately 20–85% across 021
multiple simulation benchmarks, including LIBERO, Man- 022
iSkill, and RoboTwin. Furthermore, we distill a set of train- 023
ing practices for effective RL-based VLA training. We posi- 024
tion RLinf-VLA as a foundational system to enable efficient, 025
unified, and reproducible research in embodied intelligence. 026

027

1. Introduction 028

Vision-Language-Action (VLA) models represent a new 029
generation of foundation models that aim to unify per- 030
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ception, language understanding, and embodied control031
[9, 25]. By leveraging vision-language models pretrained032
on internet-scale data and further training them on large,033
heterogeneous robot demonstration datasets [16, 30], VLAs034
can map raw sensor observations and natural language in-035
structions directly to robot actions. This paradigm has036
demonstrated strong generalization across a wide range of037
tasks [2, 15, 17, 23, 34, 40, 41].038

However, deploying VLA models typically requires039
post-training to mitigate distribution mismatch between040
training data and deployment environments. Without ef-041
fective post-training, performance can degrade significantly042
when models encounter novel states, instructions, or execu-043
tion conditions.044

Reinforcement learning (RL) has emerged as an increas-045
ingly important post-training paradigm, as it directly opti-046
mizes cumulative task rewards through trial-and-error in-047
teraction [37]. In contrast to supervised fine-tuning (SFT),048
another commonly used post-training approach, RL en-049
ables exploration beyond narrow expert demonstrations and050
equips policies with corrective and adaptive behaviors. Re-051
cent studies indicate that RL fine-tuning can yield stronger052
out-of-distribution generalization than SFT, particularly in053
terms of semantic alignment and execution robustness [22].054

Despite its promise, applying RL to VLA models re-055
mains largely small-scale or fragmented [22, 24], mak-056
ing the development of new RL algorithms for VLAs ex-057
pensive and cumbersome. Although SimpleVLA-RL [20]058
enables large-scale RL training for VLAs by building on059
VeRL [36], an RL codebase originally designed for large060
language models, it lacks system-level optimizations tai-061
lored to embodied settings, where simulators compete with062
model inference and learning for GPU resources. This063
limitation constrains scalability and substantially increases064
training time.065

Moreover, online RL requires repeated and tightly cou-066
pled model–environment interactions. Without a system de-067
sign explicitly tailored to this execution pattern, significant068
GPU idle time and pipeline bubbles can arise, leading to in-069
efficient resource utilization. Finally, existing works often070
rely on disparate model architectures, RL algorithms, and071
evaluation protocols, making fair comparison difficult and072
hindering the extraction of general principles for RL-based073
VLA training.074

To address these challenges, we present RLinf-VLA, a075
unified and efficient framework for scalable reinforcement076
learning of vision-language-action models. Our main con-077
tributions are summarized as follows:078

• Unified system abstraction. RLinf-VLA provides a079
unified interface that supports multiple robotic simula-080
tors (ManiSkill [39], LIBERO [21], RoboTwin [8]), di-081
verse VLA architectures (OpenVLA [17], OpenVLA-082
OFT [18]), and reinforcement learning algorithms083

(PPO [33], GRPO [35]). The system exposes three ex- 084
ecution modes, including a novel hybrid GPU allocation 085
mode, enabling scalable and configurable training across 086
heterogeneous setups. 087

• Efficient system and algorithm design. RLinf-VLA 088
introduces hybrid fine-grained pipelining for GPU- 089
parallelized simulators and collocated execution for CPU- 090
parallelized simulators, substantially improving training 091
throughput, with speedups of up to 2.27×. In addition, we 092
incorporate a set of algorithmic optimizations that further 093
enhance training efficiency and stability. 094

• Strong empirical performance and generalization. 095
Using a single unified model, RLinf-VLA achieves a 096
98.11% success rate on 130 LIBERO tasks and 97.66% 097
on 25 ManiSkill tasks. RLinf-VLA also achieves an aver- 098
age success rate of 84.63% on six RoboTwin tasks, real- 099
izing an average performance improvement of 63.75% on 100
these tasks, which demonstrates its powerful performance 101
and generalization capabilities in post-training. 102

• Open and extensible platform. RLinf-VLA is released 103
as an open-source and actively maintained platform, pro- 104
viding a practical foundation to accelerate, standardize, 105
and scale reinforcement learning research for embodied 106
intelligence. 107

2. Related Work 108

2.1. Reinforcement Learning for VLA 109

Vision-Language-Action models (VLAs) [1, 2, 4–6, 15, 17, 110
18, 43, 46] represent a multimodal foundation model archi- 111
tecture designed for robotics. RL is increasingly adopted 112
to address the limitations of static imitation learning in 113
VLAs. GRAPE [44] employs Direct Preference Optimiza- 114
tion (DPO [31]) on partial trajectories to align models with 115
human intent. Iterative approaches [12, 38] combine SFT 116
with RL stages to balance stability and performance. VLA- 117
RL [24] utilizes Proximal Policy Optimization (PPO [33]) 118
to exhibit significantly stronger generalization to unseen 119
objects and environments compared to their SFT counter- 120
parts [22]. SimpleVLA-RL [20] and related variants [38] 121
apply Group Relative Policy Optimization (GRPO [35]) to 122
improve training efficiency and performance without com- 123
plex reward design. πRL [7] implements the policy gra- 124
dient algorithm to flow-matching model for the first time. 125
π∗
0.6 [14] introduces RECAP to train a binarized value func- 126

tion and VLA. A unified and efficient infrastructure is es- 127
sential for advancing VLA via RL, yet current implemen- 128
tations remain fragmented [22, 24]. Although frameworks 129
such as SimpleVLA-RL [20] have emerged, they largely 130
follow generic LLM RL post-training paradigms and fail to 131
adequately account for the system-level optimizations and 132
interface extensibility required by embodied intelligence 133
tasks. 134
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2.2. Simulators135

Simulators [3, 10, 19, 26–29] offer scalable, safe, and con-136
trollable environments that bypass physical hardware con-137
straints. They facilitate massive parallel data generation and138
automated resets, essential for training and evaluating gen-139
eralizable VLA policies. Notable platforms include Man-140
iSkill [39] for physics-rich manipulation, LIBERO [21] for141
instruction-conditioned reasoning, and RoboTwin [8] for bi-142
manual tasks with domain randomization. Consequently,143
the construction and utilization of simulators are indispens-144
able for RL. However, inconsistent interfaces across simu-145
lators often necessitate extensive code restructuring. A uni-146
fied interface is therefore critical to enable seamless switch-147
ing between diverse simulation benchmarks.148

3. Preliminary149

3.1. Reinforcement Learning150

To guide the design of our efficient training infrastructure,151
we first formalize the problem of finetuning VLA mod-152
els using Reinforcement Learning (RL). We model vision-153
based manipulation tasks as a partially observable Markov154
decision process (POMDP). A POMDP extends the stan-155
dard MDP and is defined by the tuple (S,A, P, r, γ,Ω, O),156
where S denotes the state space, A the action space (dis-157
crete or continuous, potentially chunked), P (s′ | s, a)158
the state transition function, r(s, a) the reward function,159
γ ∈ [0, 1] the discount factor, Ω the observation space, and160
O(o | s) the observation function mapping a state s to an161
observation o.162

At each timestep t, the agent samples an action at ∼163
πθ(· | ot) based on the current observation ot ∼ O(· | st).164
The environment then executes at, transitions to the next165
state st+1 via P , and produces the next observation ot+1.166
The goal of RL is to optimize the parameterized policy πθ so167
as to maximize the expected cumulative discounted reward168
over trajectories τ = (s0, a0, . . . , sT ):169

J(θ) = Eτ∼πθ

[
T∑

t=0

γtr(st, at)

]
. (1)170

3.2. Pipeline of Reinforcement Learning for VLA171
models172

Figure 2. Pipeline of Reinforcement Learning for VLA models

The RL pipeline for VLA models comprises three dis-173
tinct components: Generation, Simulator, and Training, as174

illustrated in Figure 2. GPU resources are primarily al- 175
located between the rollout phase (Generation and Simu- 176
lator) and the optimization phase (Training). A key dis- 177
tinction from LLM-based RL lies in the hierarchical action 178
formulation. While LLMs typically operate on single to- 179
kens [35], VLA policies often predict a single action [17] 180
or a chunk of actions to ensure smooth control [45]. In 181
our framework, we unify these representations by treating 182
a single action as a chunk of size one. Crucially, this in- 183
troduces a three-level hierarchy: Chunk → Atomic Action 184
→ Token. Each atomic action comprises multiple tokens, 185
where each token typically corresponds to a specific dimen- 186
sion of the robot’s action space (e.g., end-effector pose or 187
joint angles). Moreover, the integration of simulators im- 188
poses substantial computational overhead on the generation 189
process, demanding significant CPU and GPU resources for 190
physics simulation and rendering. The interaction typically 191
proceeds as follows [18]: the Generation module infers an 192
action chunk based on the current observation; the Simula- 193
tor executes this chunk and returns the observation from the 194
final timestep. This loop continues until trajectory collec- 195
tion is complete, after which the Training module updates 196
the policy using the gathered data. 197

4. Method 198

Section 4.1 introduces flexible GPU Allocation Strategies 199
for improved resource scheduling across different simulator 200
types. Section 4.2 presents a Unified Interface that seam- 201
lessly integrates diverse simulators, VLA models, and RL 202
algorithms. Building on this system design, Section 4.3 dis- 203
tills key Design Choices for scalable RL training of VLA 204
models. 205

4.1. GPU Allocation Strategies 206

The RL training pipeline (described in Section 3.2) for VLA 207
involves varying resource demands from Training, Gener- 208
ation, and Simulator. Resource bottlenecks depend heav- 209
ily on the simulator type: CPU-parallelized simulators are 210
typically CPU-bound, using GPUs primarily for rendering 211
and inference, whereas GPU-parallelized simulators exe- 212
cute simulation, rendering, and inference entirely on the 213
GPU. While the latter offers higher throughput, it creates 214
severe contention for GPU memory and compute. To max- 215
imize efficient utilization across these diverse setups, flex- 216
ible and optimized GPU allocation strategies are essential. 217
Our framework supports flexible and easily configurable al- 218
location modes: collocated, disaggregated, and a novel hy- 219
brid mode. 220

4.1.1. Collocated Allocation 221

In this mode (Figure 3), all components co-exist on the same 222
set of GPUs. The original version of collocated mode aimed 223
to maximize GPU utilization by maintaining only one com- 224
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Figure 3. Collocated Mode.

ponent on all GPUs at any given time. When a component225
finished its computation, it would be offloaded from GPU226
to CPU memory, and then onloaded again when needed for227
its next task. However, under the embodiment setting, both228
Simulator and Generation require GPU resources and inter-229
act frequently in an iterative manner. The overhead intro-230
duced by repeated offload-onload operations at each inter-231
action becomes prohibitively large and unacceptable.232

Therefore, we implement a modified collocated strategy233
where offload and onload operations for the Simulator and234
Generation occur only at the beginning and end of the roll-235
out phase, as shown in the figure. While this approach suc-236
cessfully avoids the frequent offload-onload overhead dur-237
ing rollout, it cannot fully utilize GPU resources and re-238
mains sub-optimal. Since Generation and Simulator must239
interact iteratively, they spend significant time waiting for240
each other, occupying GPU memory without performing241
computation, leading to resource wastage and limited scal-242
ability.243

4.1.2. Disaggregated Allocation244

Figure 4. Disaggregated Mode (see Figure 3 for legend).

In this mode, each component is assigned to a dis-245
tinct (possibly multi-GPU) partition, with no overlap across246
components. Figure 4 depicts the central idea. This en-247
sures that every component can fully exploit its allocated248
resources. This mode is simple to implement, but it lead249
to GPU underutilization due to inter-component dependen-250
cies. For example, in Figure 4, the gpu 4, 5 are completely251
idle during the rollout phase util training.252

4.1.3. Hybrid Allocation with Fine-grained Pipelining253

To overcome the drawbacks of the above modes, we pro-254
pose a hybrid strategy: hybrid allocation combined with255

Figure 5. Hybrid Mode (see Figure 3 for legend).

fine-grained pipelining. In hybrid allocation, components 256
can flexibly select GPUs. A typical configuration is to as- 257
sign Generation and Simulator to different GPU partitions, 258
while allowing Training to utilize all GPUs. Figure 5 shows 259
an illustration. However, the resources remain underuti- 260
lized. For instance, the Simulator must wait for actions 261
generated by the Generation, leaving some GPUs idle and 262
creating “GPU bubbles”.

Figure 6. Hybrid Mode with Fine-grained Pipelining (see Figure 3
for legend).

263
On top of this, we introduce fine-grained pipelining 264

to mitigate bubbles caused by inter-component depen- 265
dencies. Specifically, a simulator instance on one GPU 266
is partitioned into multiple sub-simulators, denoted as 267
S(1), S(2), . . . , S(k). The pipeline proceeds as follows, 268
where superscripts denote simulator indices and subscripts 269
indicate timesteps: 270

1. At step t = 0, S(1) generates the initial observation o
(1)
0 , 271

which is sent to the Generation component to produce 272

action a
(1)
0 . 273

2. Meanwhile, S(2) generates o(2)0 in parallel. 274

3. Once a
(1)
0 is ready, it is fed back into S(1) to produce 275

the next observation o
(1)
1 , while o

(2)
0 is simultaneously 276

processed by the actor to generate a
(2)
0 . 277

This scheduling allows Simulator and Generation to run 278
concurrently, reducing idle time while preserving correct- 279
ness. In this way, our framework avoids the frequent of- 280
floading overhead of collocated allocation while also elimi- 281
nating the GPU bubbles that occur in disaggregated alloca- 282
tion. Figure 5 provides a schematic illustration of the hybrid 283
allocation mode with fine-grained pipelining (k = 2). 284
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4.2. A Unified Interface285

To conveniently reuse existing simulators, models, and al-286
gorithms, RLinffff-VLA provides a unified interface de-287
signed for high extensibility and scalability.288

4.2.1. Multiple Simulators Support.289

RLinff-VLA supports multiple robotic simulators, includ-290
ing ManiSkill [39], LIBERO [21], and RoboTwin [8]. To fa-291
cilitate this, we provide a unified interface that standardizes292
environment interactions across different backends, such as293
ManiSkill and RoboTwin’s GPU-parallelized environments294
and LIBERO’s CPU-parallelized wrappers. This interface295
includes standard Gym-style APIs with built-in support for296
action chunking and flexible episode termination. Further-297
more, we define a unified interface for observation and ac-298
tion to ensure seamless compatibility with various algo-299
rithms and models.300

4.2.2. Multiple Models Support301

Benefiting from a unified data processing pipeline across302
simulators, our framework facilitates the seamless integra-303
tion of existing models by requiring only a standardized in-304
teraction interface. We support diverse VLA architectures,305
exemplified in this study by OpenVLA [17] and OpenVLA-306
OFT [18], which represent configurations with single-step307
and multi-step action chunking, respectively. To enable308
efficient fine-tuning, we integrate Low-Rank Adaptation309
(LoRA) [13].310

4.2.3. Multiple Algorithms Support311

Our framework provides support for multiple reinforcement312
learning algorithms, with an initial focus on Proximal Pol-313
icy Optimization (PPO) [33] and Group Relative Policy Op-314
timization (GRPO) [11, 35]. The core functions for on-315
policy RL algorithms are the advantage function and the316
loss function. In our framework, we can configure the al-317
gorithms by specifying these two functions only, without318
redundant code.319

4.3. Design Choices for Algorithms320

RL algorithms for large models involve more complex de-321
sign choices than those for smaller models. For VLAs, we322
adopt methodologies from both LLMs and robotics. In Sec-323
tion 4.3.1, we introduce general features applicable to all al-324
gorithms. Subsequently, in Section 4.3.2 and Section 4.3.3,325
we detail specific design choices for PPO and GRPO, re-326
spectively. Consistent with our codebase style, all these327
features can be easily configured by changing values in the328
configuration file.329

4.3.1. Multi-Granularity Calculation Support330

Our framework supports advantage estimation and log-331
probability computation at multiple levels of granularity,332

enabling seamless adaptation to different algorithmic re- 333
quirements. 334

For advantage estimation, we provide two formula- 335
tions for assigning advantages to action chunks ct = 336
(at,1, . . . , at,C)

1. In the chunk-level formulation, the entire 337
chunk is treated as a single macro-action and is assigned a 338
summed reward and a shared advantage. In contrast, the 339
action-level formulation assigns individual rewards and ad- 340
vantages to each atomic action at,i within the chunk. 341

Similarly, for log-probability computation, we support 342
three corresponding granularities: 343

Chunk-level: π(ct|ot) =
∏C

i=1 π(at,i|ot, at,:i−1), 344

Action-level: π(at,i|ot, at,:i−1) =
∏M

j=1 π(dt,i,j |ot, dt,i,:j−1), 345

Token-level: π(dt,i,j |ot, dt,i,:j−1), 346

where dt,i,j denotes the j-th token of the i-th atomic action. 347

(a) Fixed Length (b) Partial Reset (c) Valid Action Mask

Figure 7. Illustration of the three rollout modes.

4.3.2. Design Choices for PPO 348

Scaling PPO to VLA models introduces several design chal- 349
lenges. We summarize the key design decisions adopted in 350
our framework below. 351

Partial Reset Support During rollouts, a sub- 352
environment typically terminates either upon reaching the 353
maximum episode length or upon successfully completing a 354
task. We consider two standard strategies for handling such 355
terminations. In the Fixed Episode Length mode, all sub- 356
environments are reset simultaneously only after reaching 357
the maximum episode length. In contrast, the Partial Reset 358
mode resets each sub-environment immediately upon ter- 359
mination, independent of others. Figure 7a and Figure 7b 360
illustrate the differences between these two modes. 361

Critic Design Adapting PPO to VLA models places 362
stringent requirements on critic design. Maintaining a sepa- 363
rate critic network is computationally prohibitive and com- 364
plicates GPU resource management due to the large scale of 365
VLA models. We therefore adopt a parameter-sharing strat- 366
egy between the actor and critic. Following RL4VLA [22], 367
we attach a lightweight value head to the language model 368
component of the VLA for efficient state value estimation. 369

Value for Action Chunks As discussed in Section 4.3.1, 370
the two advantage estimation formulations naturally induce 371
two corresponding value estimation strategies for an ac- 372
tion chunk ct = (at,1, at,2, . . . , at,C). In the chunk-level 373

1Here, t denotes the index of the chunk, and C denotes the chunk size.
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formulation, the critic estimates a single scalar value for374
the entire chunk, treating it as a macro-action, i.e., V :375
S → R. In contrast, the action-level formulation pro-376
duces a C-dimensional value vector, providing an individ-377
ual value estimate for each atomic action at,i in the chunk,378
i.e., V : S → RC . Empirically, we find that the action-level379
formulation consistently leads to better performance.380

4.3.3. Design Choices for GRPO381

Transferring GRPO to embodied tasks introduces several382
non-trivial challenges. To address these, we adopt the fol-383
lowing design choices.384

Valid Action Mask. While rollouts are executed for a385
fixed episode duration, tasks often terminate early. This386
presents two potential strategies for policy optimization: (1)387
using the full trajectory regardless of task completion tim-388
ing, or (2) considering only timesteps prior to task comple-389
tion. Our framework supports both strategies, referring to390
the latter as the Valid Action Mask setting (Figure 7c). Em-391
pirically, we find that masking out post-completion steps392
generally improves policy performance in the GRPO set-393
ting.394

Loss Normalization by Trajectory Length. To en-395
sure that trajectories of different lengths contribute compa-396
rably to optimization, we normalize the policy loss by the397
number of valid timesteps in the Valid Action Mask setting.398
Specifically, for a trajectory τi with T succ

i valid timesteps,399
the contribution of each timestep to the objective is scaled400
by 1/T succ

i . This prevents longer trajectories from domi-401
nating the gradient and promotes balanced learning across402
successful and partially completed trajectories.403

Success Rate Filter. Inspired by the dynamic sampling404
strategy in DAPO [42], we introduce a success-rate filter for405
GRPO. This filter discards trajectory groups where all tra-406
jectories either succeed or fail, as computing non-zero ad-407
vantages requires a mix of successful and failed outcomes.408
In practice, this mechanism accelerates convergence and409
consistently improves policy performance.410

5. Experiment Results411

In this section, we systematically investigate three key ques-412
tions concerning the effectiveness of the proposed RLinf-413
VLA framework:414

(1) Is RLinf-VLA high-performance? We evaluate415
RLinf-VLA on three representative testbeds, LIBERO,416
ManiSkill and RoboTwin. The results demonstrate that417
RLinf-VLA achieves approximately 20–85% improvement,418
highlighting its strong capability to support large-scale419
multi-task learning.420

(2) Is RLinf-VLA high-efficiency? We benchmark421
the framework across both GPU-parallelized and CPU-422
parallelized simulators, and observe that the optimal con-423
figuration improves training throughput, with speedups of424

Table 1. Evaluation results across three simulation benchmarks.
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 42.67 42.09
RLinf-GRPO 99.67 98.93 98.32 93.55 98.12 98.11

(c) Evaluation on RoboTwin.

OpenVLA-OFT Cup Hammer Bottles Can Pot Hand Avg.

Base 75.78 10.15 20.31 9.37 3.13 28.13 24.48
RLinf-GRPO 94.53 96.09 92.96 83.59 70.31 70.31 84.63

up to 1.88×. This finding underscores the necessity of 425
supporting diverse allocation modes. Notably, RLinf-VLA 426
achieves up to 2.27× speedup over existing frameworks. 427

(3) What are the actionable practices for applying 428
PPO and GRPO to VLA training? Through extensive 429
ablation studies, we identify the key factors that govern 430
training performance, offering practical guidelines for ef- 431
fectively deploying RL in VLA settings. 432

5.1. Policy Performance 433

In this section, we evaluate the effectiveness of RLinf-VLA 434
policies across multiple benchmarks, focusing on task suc- 435
cess rates and generalization performance. 436

Experimemt Setup. We evaluate RLinf-VLA on three 437
benchmarks: ManiSkill, LIBERO, and RoboTwin, with full 438
settings in Appendix III.A. 439

For ManiSkill, we train on 25 pick-and-place tasks with 440
object and receptacle variations. We follow the out-of- 441
distribution evaluation protocol of RL4VLA [22], measur- 442
ing generalization in vision, language, and action. Each 443
sub-setting is evaluated with 256 random episodes. For 444
LIBERO, we use the public task groups [21], including 445
LIBERO-Spatial, Object, Goal, Long, and 90, for training 446
and evaluation. Instead of training within a single group, we 447
train one unified model on the combined 130 tasks over 5 448
groups, testing large-scale multitask learning. Performance 449
is reported across groups, averaged over 50 episodes per 450
task with three random seeds. For RoboTwin [8], we select 451
six tasks: “beat block hammer”, “move can pot”, “place 452
empty cup”, “pick dual bottles”, “lift pot”, and “handover 453
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(a) OpenVLA on ManiSkill.
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(b) OpenVLA-OFT on ManiSkill.
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(c) OpenVLA-OFT on LIBERO.
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(d) OpenVLA-OFT on RoboTwin.

Figure 8. Training curves on different benchmarks. The x-axis shows the number of training epochs, and the y-axis indicates the corre-
sponding success rate. Light-colored lines represent the raw data, while the dark-colored curves are smoothed using a Gaussian filter with
σ = 1.

block”. Training uses 1,000 fixed randomized scene seeds454
per task, and evaluation samples 128 unseen seeds to assess455
out-of-distribution generalization.456

Training Results. Figure 8 presents the training457
curves for each setup. Figure 8a and Figure 8b report the458
training performance on ManiSkill, utilizing OpenVLA and459
OpenVLA-OFT models trained via PPO and GRPO. Across460
all settings, RL delivers substantial performance gains, im-461
proving success rates by 45%–70% over the baseline. No-462
tably, PPO consistently outperforms GRPO and exhibits463
greater stability for both OpenVLA and OpenVLA-OFT in464
the ManiSkill setting.465

Figure 8c illustrates the training curve of OpenVLA-466
OFT with the GRPO algorithm on 130 tasks of LIBERO.467
Results demonstrate that the success rate improves substan-468
tially from approximately 73% to 98%, yielding an overall469
performance gain of about 30%. These findings underscore470
the effectiveness of the GRPO design in RLinf-VLA for en-471
hancing multi-task training.472

Figure 8d depicts our training curves for OpenVLA-OFT473
on RoboTwin. The training process remains stable with474
minimal fluctuations. Moreover, the model converges to475
high performance even on tasks with extremely low initial476
success rates (as low as 3%).477

Evaluation Results. Table 1 summarizes RLinf-VLA478
results across three benchmarks, with ManiSkill detailed479
in Table 1a. “OpenVLA (Base)” and “OpenVLA-OFT480
(Base)” denote the RL base models for OpenVLA and481
OpenVLA-OFT.482

Direct OOD comparison between OpenVLA and483
OpenVLA-OFT is not strictly fair because their base per-484
formance differs. OpenVLA improves from 39.10% to485
81.93% after RL, while OpenVLA-OFT rises from 18.29%486
to 77.05%. Although starting weaker, OpenVLA-OFT487
shows slightly larger relative gains, indicating that base488
model choice strongly affects final generalization.489

Table 1b reports OpenVLA-OFT trained on 130 tasks490
with RLinf-VLA over five LIBERO groups. LIBERO-491
Object reaches 93%–99% success, with an overall average492
of 98.11% and a mean improvement of 56.02%. Notably,493
we use a single unified model across all tasks, unlike stan-494

dard RL-for-VLA methods that train separate models per 495
group, demonstrating RLinf-VLA’s support for large-scale 496
multi-task RL. 497

OOD results on RoboTwin are shown in Table 1c. RLinf- 498
VLA achieves an average success rate of 84.63%, over 60% 499
improvement, showing strong generalization on complex 500
tasks such as long-horizon bimanual manipulation. 501

5.2. System Efficiency 502

In this section, we evaluate the efficiency of our system by 503
comparing different GPU allocation strategies. Our results 504
show that the optimal strategy varies across simulators and 505
models, highlighting the importance of flexible GPU allo- 506
cation, which is a core feature of RLinf-VLA. 507

Experiment Setup. We summarize key settings here, 508
with full details in Appendix III.B. We evaluate represen- 509
tative tasks from three benchmarks. For ManiSkill, we use 510
“PutCarrotOnPlateInScene-v2” with 256 parallel environ- 511
ments. For LIBERO, we adopt the LIBERO-Long suite, and 512
for RoboTwin, the “place empty cup” task. For LIBERO 513
and RoboTwin, parallel environments scale linearly with 514
nodes (64, 128, and 256 for 1, 2, and 4 nodes). 515

We consider three GPU allocation strategies (Sec- 516
tion 4.1). Collocated shares GPUs across components, 517
Disaggregated separates training from rollout, and Hy- 518
brid pipelines simulation by splitting instances into stages. 519
For comparisons, ManiSkill lacks multi-GPU baselines, 520
so we compare Collocated and Hybrid (pipelined) modes 521
against a naive Disaggregated baseline. For LIBERO and 522
RoboTwin, we benchmark against SimpleVLA-RL [20] 523
(collocated only) and evaluate our Collocated and Hybrid 524
modes; the disaggregated mode is omitted since hybrid con- 525
sistently performs better when GPUs are underutilized. 526

Results. Figure 9 reports the end-to-end throughput of 527
RLinf-VLA and baselines for VLA+RL training under dif- 528
ferent cluster sizes and placement strategies. 529

From Figure 9a, for OpenVLA in ManiSkill, RLinf- 530
VLA achieves up to a 1.88× speedup over the disaggre- 531
gated baseline using the Hybrid (pipe=2) mode on 8 532
GPUs. Although scaling to more GPUs introduces over- 533
heads from model loading, offloading, and state switch- 534
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(b) Latency breakdown.

Figure 9. Evaluation of system efficiency on ManiSkill, LIBERO, and RoboTwin, comparing OpenVLA and OpenVLA-OFT. Throughput
(total environment frames per second) improves with increasing pipeline stages (“pipe”).

ing, fine-grained pipelining reduces GPU idle time and535
maintains a 1.61×–1.69× advantage over the disaggregated536
mode. Deeper pipelines (pipe=2 vs. pipe=1) further im-537
prove performance by reducing rollout-stage bubbles.538

For OpenVLA in ManiSkill and OpenVLA-OFT in539
ManiSkill, as GPU count increases, the hybrid (pipe=1)540
mode outperforms the collocated mode. Since ManiSkill541
is GPU-parallelized, rollout throughput scales with parallel542
environments, making simulator resource allocation criti-543
cal. To improve utilization, we enable offloading in the544
collocated mode (Section 4.1.1), but communication over-545
head grows with cluster size. In contrast, hybrid mode splits546
GPUs evenly between components, reducing interference.547

For OpenVLA-OFT in LIBERO and ManiSkill, the be-548
havior differs: collocated and hybrid (pipe=1) modes549
outperform disaggregated and hybrid (pipe=2). First,550
OpenVLA-OFT generates action chunks while the simula-551
tor executes them sequentially, shifting the generation-to-552
execution ratio from 1:1 to about 1:15. Second, LIBERO’s553
CPU-parallelized simulator becomes the main bottleneck.554
This imbalance diminishes the benefit of pipelining, effec-555
tively reverting execution to a near-sequential process.556

From Figure 9b, where “Rollout” denotes the total time557
for multi-step interactions between the generator and sim-558
ulator, for OpenVLA-OFT in LIBERO and RoboTwin,559
RLinf-VLA still achieves a 1.34×–2.27× speedup over560
SimpleVLA-RL under collocated settings. The gains come561
from both rollout and training. During rollout, RLinf-VLA562
uses vectorized environments that are more efficient than563
SimpleVLA-RL’s multi-process workers. During training,564
system-level optimizations such as adaptive communication565
and the removal of redundant log-probability recomputation566
further reduce latency, with benefits increasing at scale.567

Summary. Different simulators demand different allo-568
cation strategies. RLinf-VLA’s flexible multi-mode support569
enables consistently high efficiency across diverse execu-570
tion regimes.571

5.3. Ablation Study572

In this section, we present ablation studies under differ-573
ent setups and summarize key insights for PPO and GRPO574
training.575
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Figure 10. For OpenVLA-OFT, action-level value estimation
consistently outperforms chunk-level estimation across different
tasks.

(1) Tips for PPO. 576
(a) Action-level value estimation outperforms chunk- 577

level estimation for PPO with action chunks. Figure 10 578
shows the PPO training curves comparing action-level and 579
chunk-level value estimation as described in Section 4.3.2 580
on the ManiSkill “PutOnPlateInScene25Main” task using 581
the OpenVLA-OFT model. Action-level estimation con- 582
sistently yields higher success rates and lower value loss, 583
demonstrating more effective learning and faster policy im- 584
provement. The performance divergence between different 585
levels of value estimation remains consistent across diverse 586
tasks, as corroborated by similar results in the LIBERO- 587
Goal benchmark (Figure 10c). 588
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Figure 11. Partial reset consistently outperforms Fixed Episode
Length mode in PPO.

(b) Partial reset substantially improves sample efficiency. 589
Figure 11 presents the PPO training curves for the Partial 590
Reset and Fixed Episode Length rollout modes discussed in 591
Section 4.3.2. Since the optimization objective is to achieve 592
success at least once per rollout (“success once”), Partial 593
Reset leads to a significantly higher success rate. For a given 594
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number of training steps, the success rate under Partial Re-595
set consistently exceeds that of the Fixed Episode Length596
mode. This trend is observed regardless of the model type597
(OpenVLA or OpenVLA-OFT).598
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Figure 12. Ablation study on trajectory length normalization. Suc-
cess rate in LIBERO-Goal with OpenVLA-OFT.

(2) Tips for GRPO.599

(a) Trajectory length normalization in GRPO. As dis-600
cussed in Section 4.3.3, normalizing the loss by trajectory601
length aims to reduce bias when episodes vary in length.602
Figure 12 shows that incorporating trajectory length nor-603
malization (“w/ Norm”) can lead to substantially higher604
performance compared with the unnormalized setting (“w/o605
Norm”).606

(b) Valid action mask in GRPO. We also study the ef-607
fect of valid action masking, introduced in Section 4.3.3.608
Since the optimization objective is defined with respect to609
“success once”, excluding actions after reaching the suc-610
cess state improves sample efficiency and avoids redundant611
updates. Moreover, applying the valid action mask natu-612
rally results in shorter trajectories, which further benefits613
trajectory length normalization. Figure 13a shows results614
on LIBERO-Goal. Comparing the “w/o Mask, w/o Norm”615
and “w/ Mask, w/o Norm” curves, the setting with a valid616
action mask achieves consistently better performance. The617
“w/ Mask, w/ Norm” curve demonstrates that combining618
the mask with trajectory length normalization provides an619
additional improvement. However, the effect of these tech-620
niques is task-dependent. In the ManiSkill setting, we do621
not observe clear benefits from either valid action masking622
or trajectory length normalization.623
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Figure 13. Ablation studies on valid action mask in GRPO with
OpenVLA-OFT.

(c) Success rate filtering can improve training stability624
in some settings of GRPO. As discussed in Section 4.3.3,625

we implement a success rate filter for GRPO that discards 626
groups in which all trajectories have identical cumulative 627
rewards. This mechanism can improve the stability of 628
GRPO training. For instance, in the OpenVLA ManiSkill 629
setting, training without the filter (“w/o Filter”) exhibits a 630
clear collapse around step 400, whereas enabling the fil- 631
ter (“w/ Filter”) largely alleviates this issue. However, the 632
benefit of the filter is not universal: in the OpenVLA-OFT 633
ManiSkill setting and the OpenVLA-OFT LIBERO-Goal 634
setting, its effectiveness is much less pronounced. 635

6. Conclusion 636

In this work, we introduced RLinf-VLA, a unified and ef- 637
ficient framework for reinforcement learning-based train- 638
ing of Vision-Language-Action models. RLinf-VLA inte- 639
grates multiple simulators, algorithms, and VLA architec- 640
tures, while providing flexible execution modes and system- 641
level optimizations that significantly improve training ef- 642
ficiency. Extensive experiments demonstrate that models 643
trained with RLinf-VLA achieve approximately 20–85% 644
improvement on a wide range of simulated tasks. More- 645
over, our study distills actionable practices for both PPO 646
and GRPO, guiding future research in RL-based VLA train- 647
ing. By open-sourcing RLinf-VLA with ongoing mainte- 648
nance, we provide the community with a foundation to ac- 649
celerate, standardize, and scale research in embodied intel- 650
ligence. 651
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Appendix for RLinf-VLA891

7. Theoretical Background892

7.1. Definitions of RL893

Definition 1 (Return). The return Rt is the γ-discounted cumulative reward starting from timestep t:894

Rt =

∞∑
k=0

γkr(st+k, at+k). (2)895

Definition 2 (Value Function). The value function Vπ(s) is the expected return when starting from state s and following896
policy π:897

Vπ(s) = Eπ[Rt | st = s], (3)898

where t denotes an arbitrary timestep at which the agent is in state s.899

Definition 3 (Action-Value Function). The action-value function Qπ(s, a) is the expected return when executing action a in900
state s and thereafter following policy π:901

Qπ(s, a) = Eπ[Rt | st = s, at = a], (4)902

where t denotes an arbitrary timestep at which the agent is in state s and takes action a.903

Definition 4 (Advantage Function). The advantage function Aπ(s, a) quantifies how much better taking action a in state s904
is compared to the expected value of the state:905

Aπ(s, a) = Qπ(s, a)− Vπ(s). (5)906

7.2. Introduction of PPO907

PPO [33] is one of the most widely adopted reinforcement learning algorithms in robotics. PPO enhances training stability908
by constraining policy updates within a trust region, thereby preventing overly large changes that could destabilize learning.909
This is achieved through a clipped surrogate objective, which balances exploration and exploitation while maintaining sample910
efficiency. Due to its robustness and simplicity, PPO has become a standard baseline in robotics RL and serves as the911
foundation of our framework.912

In PPO, the advantage function is commonly estimated using Generalized Advantage Estimation (GAE) [32]:913

Ât =

T−t−1∑
k=0

(γλ)k
(
rt+k + γV (st+k+1)− V (st+k)

)
, (6)914

where rt denotes the reward at timestep t, V (s) is the value function, γ is the discount factor, λ controls the bias–variance915
trade-off, and T is the episode horizon.916

The PPO optimization objective is defined as:917

JPPO(θ) = Et

[
min

(
ρt(θ)Ât, clip(ρt(θ), 1− ϵ, 1 + ϵ)Ât

)]
, (7)918

where919

ρt(θ) =
πθ(at | ot)
πθold(at | ot)

, (8)920

πθold denotes the rollout policy, and ϵ is the clipping parameter.2921

2The definition of action at differs across LLM and robotics RL settings. Here we treat it as a generalized action. The same applies to GRPO.
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7.3. Introduction of GRPO 922

GRPO [35] is a recent variant of policy optimization designed to simplify reinforcement learning pipelines. Unlike PPO, 923
which requires training both a policy model and a value model, GRPO eliminates the need for an explicit value function by 924
leveraging group-based relative comparisons of trajectories. This design reduces the overall model complexity and avoids 925
potential inaccuracies from value estimation. As a result, GRPO provides a lightweight yet effective alternative to PPO, 926
making it especially attractive for large-scale VLA training where efficiency and simplicity are important. In GRPO, the 927
important ratio can be defined as: 928

ρ
(i)
t (θ) =

πθ(a
(i)
t | o(i)t )

πθold(a
(i)
t | o(i)t )

, (9) 929

where i denotes i-th trajectory. But the advantage can be defined as: 930

Â(i) = Â
(i)
t =

R(i) −mean({R(j)}Gj=1)

std({R(j)}Gj=1)
, ∀t ∈ {0, 1, . . . , |τ (i)|}, (10) 931

where R(i) denotes the total reward of trajectory τ (i). Note that R differs from the discounted return R, and G represents the 932
group size. Given an initial observation o0 from sample buffer D, the behavior model πθold generates G trajectories {τi}Gi=1. 933
The GRPO optimization objective is: 934

JGRPO(θ) = Eo0∼D, {τ(i)}∼πθold

[
1

G

G∑
i=1

1

|τ (i)|

|τ(i)|∑
t=1

min
(
ρ
(i)
t (θ) Â(i), clip

(
ρ
(i)
t (θ), 1− ϵ, 1 + ϵ

)
Â(i)

)]
, (11) 935

where |τ (i)| is the length of trajectory τ (i), ϵ is the clip parameter. 936

8. Implementation Details of RLinf-VLA 937

8.1. The Unified Interface 938

The unified interface consists of two categories: core functions and utility functions. 939

Core Functions We implement standard Gym-style APIs, including “reset” and “step”. The “step” function ad- 940
ditionally supports an “auto reset” option: when enabled, any sub-environment that terminates or is truncated will be 941
automatically reset, thereby improving sample efficiency by avoiding idle environments. Following the ManiSkill [39] con- 942
vention, we also support the “ignore terminations” option. When enabled, termination signals are ignored and only 943
truncation signals are respected, meaning that an episode ends only when the maximum episode length is reached. This 944
feature allows us to flexibly support different implementation variants, such as “Partial Reset” and “Valid Action Mask”. 945

Beyond these, we extend the interface with a “chunk step” function to handle action chunks. Instead of naively 946
looping over the chunk with repeated “step” calls, this function manages episode termination more carefully. Two modes 947
are supported: (1) reset immediately when a sub-environment finishes within the chunk, or (2) defer reset until the entire 948
chunk has been executed. This flexibility ensures the correct handling of episode boundaries when chunked actions are used. 949

Utility Functions Utility functions offer convenient support for training and evaluation. For instance, visualization utilities 950
enable effortless generation of videos during rollouts or evaluation. In addition, we provide specialized utilities required by 951
specific algorithms. For example, GRPO necessitates that all environments within a group share the same initial state, which 952
can be ensured by setting “use fixed reset state ids=True”. 953

8.2. GPU Allocation Modes 954

Configuring GPU Allocation Modes Our framework exposes a simple configuration interface that allows users to flexibly 955
choose GPU allocation strategies without explicitly specifying the mode. Instead, users only need to assign GPU IDs for 956
each component via the following fields: 957
• cluster.component placement.env for the Simulator, 958
• cluster.component placement.rollout for Generation, 959
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• cluster.component placement.actor for Train.960
In addition, offloading can be enabled or disabled independently for each component using:961

• env.enable offload,962
• rollout.enable offload,963
• actor.enable offload.964

Finally, fine-grained pipelining is controlled by the parameter rollout.pipeline stage num. A value greater than965
1 splits each simulator instance on a GPU into multiple pipeline stages, while a value of 1 disables pipelining.966

8.3. Details for Design Choices967

8.3.1. Details for Multi-Granularity Support968

In the main text, we refer to three levels of granularity: token-level, action-level, and chunk-level. Figure 14 provides an969
illustrative example of these levels. An action chunk consists of multiple atomic actions, which are the actual control signals970
executed by the simulator at each step. Each atomic action, in turn, is composed of multiple tokens, where each token971
corresponds to a single action dimension.972

𝑑!,#,$Token-level:

𝑎",$

Action-level:

Chunk-level:

𝑑!,#,% 𝑑!,#,&

𝑑!,%,&

𝑐"

𝑑!,%,% 𝑑!,#,&𝑑!,#,% 𝑑!,',&𝑑!,',%

𝑎",% 𝑎",&

Simulator

Policy

𝑎",$atomic action

Figure 14. Illustration of different log-probability granularities.

The complete set of supported combinations between advantage computation granularity and log-probability granularity973
is summarized in Table 2.974

Table 2. Supported combinations of advantage and log-probability granularities.

Advantage
Log-Probability

Chunk-level Action-level Token-level

Chunk-level ✓ ✓ ✓
Action-level ✗ ✓ ✓

8.3.2. Details for Loss Normalization by Trajectory Length975

As mentioned in the main text, we normalize the policy loss by the trajectory length under the Valid Action Mask setting.976
Specifically, if a trajectory τi has T succ

i valid timesteps, the contribution of each timestep to the objective is scaled by 1/T succ
i .977

The GRPO objective under this setting is:978

JGRPO(θ) = Eo0∼D,{τi}∼πθold

[
1

G

G∑
i=1

1

T succ
i

T succ
i∑

t=1

min
(
ρi,t(θ)Âi, clip(ρi,t(θ), 1− ϵ, 1 + ϵ)Âi

)]
. (12)979

This prevents longer trajectories from disproportionately dominating the gradient and ensures balanced learning across tra-980
jectories of varying lengths.981

9. Experiment Setup982

9.1. Details for Performance Experiments983

This part is the details of training and evaluation for High-Performance experiments, including metric for evaluation, base984
models selection and hyperparameter settings for training. Unless otherwise specified, all curves are smoothed using a985
Gaussian filter (σ = 1), and success rate is computed under the “success once” criterion, where an episode is considered986
successful if the success state is reached at least once.987

14



CVPR
#4

CVPR
#4

CVPR 2026 Submission #4. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 3. Hyperparameter settings for training.

Parameter
OpenVLA [17] OpenVLA-OFT [18] OpenVLA-OFT OpenVLA-OFT
ManiSkill [39] ManiSkill LIBERO [21] RoboTwin [8]

PPO GRPO PPO GRPO GRPO GRPO

# Parallel Envs 128 256 128 256 64 128
Max Episode Steps 80 80 80 80 512 200a

Max Steps per Rollout Epoch 160 80 160 80 512 200a

Group Size 1 8 1 8 8 8
Rollout Epoch 1 1 1 1 64 8
Partial Reset True False True False False False
Valid Action Mask False True False True True True
Action Chunk Size 1 1 8 8 8 25

Global Batch Size 640 640 640 640 16384 1024
Micro Batch Size 40 40 40 40 32 32
is lora [13] True True True True — True

Learning Rate 1e-4 1e-5 1e-4 1e-4 2e-5 1e-4
adam eps 1e-8 1e-8 1e-8 1e-8 1e-8 1e-5
Clip Ratio (ϵ) (0.2, 0.28) (0.2, 0.28) (0.2, 0.28) (0.2, 0.28) (0.2, 0.28) (0.2, 0.28)
γ 0.99 — 0.99 — — —
GAE λ 0.95 — 0.95 — — —
Temperature (train) 1.0 1.0 1.0 1.0 1.6 1.6

a Note that the “pick dual bottles” and “handover block” task in RoboTwin requires 100 and 400 steps respectively.

9.1.1. Base Models for Training 988

For the OpenVLA (Base) in ManiSkill, we adopt the pre-trained checkpoint OpenVLA (Base) from RL4VLA [22]. For the 989
OpenVLA-OFT (Base) in ManiSkill, we perform our own LoRA fine-tuning to get OpenVLA-OFT (Base) using motion 990
planning data collected from the “PutOnPlateInScene25Main-v3” task. 991

For OpenVLA-OFT (Base) in LIBERO 130 tasks, we fine-tune OpenVLA-OFT with LoRA using demonstrations from 992
all five task suites in LIBERO. 993

For OpenVLA-OFT (Base) in RoboTwin, we adopt the pre-trained checkpoint OpenVLA-OFT (Base) from SimpleVLA- 994
RL [20]. Besides, we also reuse the train/eval seeds from SimpleVLA-RL [20]. 995

9.1.2. Hyperparameter Settings for Training 996

In Table 3, we list the specific hyperparameters used for different experiments. 997

9.1.3. Metric for Evaluation 998

For supervised fine-tuned models, we set do sample=False during evaluation. And for RL-trained models, we set 999
do sample=True during evaluation, and conduct three times evaluation for each model. And we report the mean and 1000
standard deviation of the success rates. (Now only the LIBERO setting has standard deviation.) 1001

9.2. Details for Efficiency Experiments 1002

Table 4. The setting of enable offload among different GPU allocation modes.

Simulator Generation Training

Disaggregated False False False
Colocated True True True
Hybrid True True True

9.2.1. Hyperparameters for Efficiency Experiments 1003

See Table 4 for how we enable the offload configurations and Table 5 for how we configure the GPU allocation. 1004
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Table 5. Hyperparameters of GPU allocation modes.

# GPU Allocation Mode Simulator Generation Training

Disaggregated 0-1 2-3 4-7
8 GPUs Colocated 0-7 0-7 0-7

Hybrid 0-3 4-7 0-7

Disaggregated 0-3 4-7 8-15
16 GPUs Colocated 0-15 0-15 0-15

Hybrid 0-7 8-15 0-15

Disaggregated 0-7 8-15 16-31
32 GPUs Colocated 0-31 0-31 0-31

Hybrid 0-15 16-31 0-31

9.2.2. Metric for Efficiency1005

We use throughput as the evaluation metric for efficiency. Specifically, throughput is defined as the total number of rollout1006
environment frames divided by the total wall-clock time of one training epoch, which approximately equals the sum of rollout1007
time and training time.1008

9.2.3. Tasks for Efficiency1009

We evaluate our framework on all tasks in ManiSkill, LIBERO and RoboTwin.1010
For ManiSkill, we select the “PutCarrotOnPlateInScene-v2” task for a quick test. It is adapted from1011

“PutCarrotOnPlateInScene-v1” in ManiSkill, with modifications to the reset function. In the original reset implementa-1012
tion, additional simulation steps were applied to ensure that all objects remained static. However, this significantly increased1013
the reset time compared to the step function and was incompatible with partial reset. In practice, we observed that these extra1014
steps had a negligible impact on object states in the “PutCarrotOnPlateInScene” task, since the initial position of the carrot1015
was already carefully calibrated. We therefore delete the additional simulation steps in the reset function. The evaluation is1016
conducted on 8, 16, and 32 NVIDIA H100 (80GB) GPUs, and we use 256 parallel environments, each running for 80 steps.1017

For LIBERO, we adopt the LIBERO-Long task set for a quick test, which is the longest task set in LIBERO. The number1018
of parallel environments is set to 64, 128, and 256 for 8-, 16-, and 32-GPU setups, respectively, with the corresponding1019
number of environment steps set to 4096, 2048, and 1024.31020

For RoboTwin, we select the place empty cup task for a quick test, which requires the robot to use an arm to place1021
the empty cup on the coaster. The number of parallel environments is set to 64, 128, and 256 for 8-, 16-, and 32-GPU setups,1022
respectively, with the corresponding number of environment steps set to 800, 400, and 200. We have the same GPU allocation1023
setting as LIBERO-Long, due to the GPU resources being the upper bound for the rollout.1024

9.2.4. Baselines for Efficiency Experiments1025

For ManiSkill, no existing framework supports multi-GPU rollout and training. Thus, we take the naive disaggregated1026
allocation mode as the baseline, and compare it with our colocated mode and hybrid modes, where the hybrid mode includes1027
both one-stage and two-stage fine-grained pipelining configurations.1028

For LIBERO and RoboTwin, we compare against SimpleVLA-RL [20], an open-source framework for RL of VLA Models1029
training built on VeRL. Since SimpleVLA-RL only supports the colocated mode, we use it as the baseline and additionally1030
evaluate our colocated mode and hybrid mode (with one-stage and two-stage fine-grained pipelining). We omit the disaggre-1031
gated mode results for LIBERO and RoboTwin, as during training the Training component never reuses the same GPUs as the1032
rollout process. Consequently, even when accounting for the offload–onload overhead, the hybrid (one-stage) configuration1033
provides superior performance to the disaggregated mode.1034

10. Additional Experimental Results1035

10.1. Evaluation of OOD for ManiSkill1036

Table 6 is the detailed results ManiSkill’s experiments.1037

3Since vectorized environments in LIBERO rely on multi-processing, the number of physical CPU cores per node becomes the upper bound for efficient
rollout. Therefore, we scale the number of parallel environments in proportion to the number of nodes, and consequently to the total number of GPUs.
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Table 6. Detailed breakdown of Out-Of-Distribution evaluation results on ManiSkill. Values denote success rates (%).

Out-Of-Distribution
Method Vision Semantic Execution

OpenVLA (Base) 38.75 35.94 42.11
OpenVLA (RLinf-GRPO) 74.69 72.99 77.86
OpenVLA (RLinf-PPO) 82.03 78.35 85.42

OpenVLA-OFT (Base) 27.73 12.95 11.72
OpenVLA-OFT (RLinf-GRPO) 84.69 45.54 44.66
OpenVLA-OFT (RLinf-PPO) 92.11 64.84 73.57

10.2. Ablation Studies 1038
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Figure 15. Ablation studies on success rate filtering under different settings.

Success rate filtering As shown in Figure 15, we implement a success rate filter for GRPO that discards groups in which 1039
all trajectories have identical cumulative rewards. This mechanism can improve the stability of GRPO training. For instance, 1040
in the OpenVLA ManiSkill setting, training without the filter (“w/o Filter”) exhibits a clear collapse around step 400, whereas 1041
enabling the filter (“w/ Filter”) largely alleviates this issue. However, the benefit of the filter is not universal: in the OpenVLA- 1042
OFT ManiSkill setting and the OpenVLA-OFT LIBERO-Goal setting, its effectiveness is much less pronounced. 1043
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Figure 16. Ablation study on rollout data size. Darker colors correspond to larger rollout datasets.
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Effect of rollout data size The rollout batch size has a notable influence on RL performance, especially for on-policy1044
algorithms such as PPO and GRPO. In general, larger rollouts per epoch enable more substantial policy improvement within1045
each training iteration. As illustrated in Figure 16, larger rollouts consistently achieve higher success rates when evaluated1046
by training epochs.1047
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Figure 17. Ablation of LoRA in ManiSkill with OpenVLA-OFT.

Using LoRA may not directly affect performance but often requires different hyperparameters Figure 17 shows the1048
training curves with and without LoRA [13]. The x-axis denotes the number of training epochs, while the y-axis shows1049
the success rate in ManiSkill. The curves are overall similar, suggesting that LoRA itself does not substantially change1050
performance. However, the choice of whether to use LoRA can influence the optimal hyperparameters. For example, in1051
GRPO experiments (Figure 17b), using the same learning rate of 1 × 10−4 leads to normal improvement with LoRA, but1052
the success rate without LoRA collapses to zero. In contrast, when the learning rate is reduced to 1 × 10−5, the non-LoRA1053
setting also achieves stable improvement. These results indicate that different LoRA configurations may require separate1054
hyperparameter tuning.1055
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