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What Are Vision-Language-Action (VLA) Modelse
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Overview

RLRC + VLA

e RLRC substantially compresses the VLA, leading to a significant improvement in inference speed and
a considerable reduction in memory consumption, while maintaining nearly the same task success
rate. This makes it highly suitable for deployment on resource-constrained devices.



RLRC Iin a nutshell

a three-stage method

1) structured pruning to the VLA model, specifically targeting the LLM component, to remove redundant structures in a
hardware-friendly manner

2) performance recovery stage that combines SFT with RL to restore the model's effectiveness on downstream tasks
3) optional quantization to further reduce the memory footprint, enabling efficient deployment on resource-constrained
robotic platforms

Structured Pruning Performance Recovery Quantization
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Motivation & Problem

e Large VLA models (> 14 GB) enable complex robot behaviors but are too heavy for edge devices
e High latency & memory footprint hinder real-time control
e Goal: Compress VLA while preserving or improving task success



Exploring the Application of Model Compression
Technigues to VLAS

e Baseline: OpenVLA

e benchmark: LIBERO (Libero: Benchmarking knowledge transfer for lifelong robot learning, neurips23)
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Exploring the Application of Model Compression
Techniques 1o VLAS: Quantization

Model spatial  spatial(SFT) long long(SFT) Parameters (B) Memory (GB) Inference Time (ms)  Throughput (samples/s)
OpenVLA 84.7 - 53.7 - 7.54 14.858 169 59
OpenVLA + 8bit 84.6 - 52.0 - 7.54 7.949 282.7 35
OpenVLA + 4bit 81.0 - 49.8 — 7.54 4.971 134.1 7.5
OpenVLA + Magnitude 83.4 80.4 51.8 50.6 7.54 14.826 162.5 6.2
OpenVLA + Wanda 84.0 84.6 49.8 50.6 7.54 14.824 167.7 6.0
OpenVLA + LLM-Pruner 23.4 84.0 1.0 46.0 6.23 12.433 139 7.2
OpenVLA + FLAP 0.2 82.6 0.0 50.2 6.33 12.510 135.8 7.4

e (Quantization has minimal impact on performance, while significantly reducing memory
requirements and slightly improving inference speed

— 8-bit quantization can incur additional computational overhead, leading to increased inference latency
— NVIDIA RTX 5880 Ada
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Exploring the App
Technic

ication of Model Compression
ues to VLAS: Pruning

Model spatial  spatial(SFT) long long(SFT) Parameters (B) Memory (GB) Inference Time (ms)  Throughput (samples/s)
OpenVLA 84.7 - 53.7 - 7.54 14.858 169 59
OpenVLA + 8bit 84.6 - 52.0 - 7.54 7.949 282.7 35
OpenVLA + 4bit 81.0 - 49 8 — 7.54 4.971 134.1 7.5
OpenVLA + Magnitude 83.4 80.4 51.8 50.6 7.54 14.826 162.5 6.2
OpenVLA + Wanda 84.0 84.6 49.8 50.6 7.54 14.824 167.7 6.0
OpenVLA + LLM-Pruner 234 84.0 1.0 46.0 6.23 12.433 139 7.2
OpenVLA + FLAP 0.2 82.6 0.0 50.2 6.33 12.510 135.8 7.4
. . =< = = >
e unstructured pruning: Magnitude (IS X| 27| 7|8, wanda (EE 52 & 4= 2F4] 7|Hh

e structured pruning: LLM-pruner (https://arxiv.org/abs/2305.11627), FLAP

(https://arxiv.org/abs/2312.11983)

e Unstructured pruning has a smaller impact on performance, whereas structured pruning offers

greater acceleration benefits

structured pruning leads to a significant decline in task performance

SFT restores performance



Exploring the Application of Model Compression
Technigues to VLAS

Method spatial Memory (GB)  Throughput
Dense 84.7 14.858 5.9
LLM-Pruner90% + SFT 79.6 3.539 15.2
LLM-Pruner90% + SFT + 8bit 76.6 2.205 3.9
LLM-Pruner90% + SFT + 4bit 70.4 1.665 11.2

The combination of quantization and pruning can further substantially compress the model

— the most substantial memory reduction is achieved through the combination of 90% structured pruning and 4-bit
guantization
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Exploring the Application of Model Compression
Technigues to VLAS
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e The speedup gains from quantization diminish as the sparsity ratio increases

— as the sparsity ratio increases and the model size becomes smaller, the benefits introduced by quantization are offset by
the overhead of dequantization, potentially leading to slower inference. Consequently, for models with high sparsity
ratios, the throughput of the full-precision version surpasses that of the quantized counterpart



RLRC: RL-based Recovery for Compressed VLA Models

Following the empirical investigation into the application of model compression techniques to VLAs,
we identified several consistent patterns and challenges that informed the design of RLRC

Design objective is to achieve substantial reductions in model size and inference cost while
preserving the task execution capabilities critical to VLA performance

a three-stage method
— 1) structured pruning to the VLA model, specifically targeting the LLM component, to remove redundant structures in a
hardware-friendly manner
— 2) performance recovery stage that combines SFT with RL to restore the model's effectiveness on downstream tasks

— 3) optional quantization to further reduce the memory footprint, enabling efficient deployment on resource-constrained
robotic platforms

https://rlrc-vla.github.io/
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RLRC Stage 1: Structured Pruning

Adopt LLM-Pruner (https://arxiv.org/abs/2305.11627) as the structured-pruning framework

Prune 90 % of MLP channels / attention heads inside each Transformer block

Keep input/output dimensions intact > seamless compatibility with other modules

Channel- & head-level sparsity > memory and FLOPs reduced in one shot

Performance initially drops sharply = follow-up recovery (SFT = RL) is mandatory
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RLRC Stage 2: Performance Recovery

e supervised finetuing (SFT)

quick first-aid
Run ~10 k supervised fine-tuning steps on task demos
Rapidly restores most of the accuracy lost after 90 % pruning

fine-grained & generalization boost
Apply PPO with a shared Transformer backbone for both policy (actor) and value (critic) & minimal extra memory
PPO loss

£’ =T, [min (rt(Q)ﬁt, clip (r(0),1 — €, 1 + ¢€) /zit)] (5)

ma ((.H |"-'t)
ﬂ—'ﬂ'nld (af |St)

the new and old policy, A; is the estimated advantage function,
€ 1s a hyperparameter that controls the clipping range.

where 74(0) = is the probability ratio between

Sparse reward scheme
e +1.0 tasksuccess
e +0.1 objectgrasp
e 0 otherwise
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RLRC Stage 3: Quantization

4-bit Post-training Quantization (Optional)
4-bit per weight - 8x model-size reduction (14.9 GB - 1.7 GB)
On the 90 %-pruned backbone: inference speed x2.3 while accuracy drop is marginal

on very small models the de-quantization overhead can outweigh speed gains - skip if device RAM
is ample
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Experiments (1)

Benchmark: ManiSkill3
— Using ManiSkill over the previously used LIBERO is primarily because ManiSkill supports parallel multiple environments,
which is crucial for improving the efficiency of RL

— PutOnPlatelnScene25Main task suite
— to grasp various objects and place them onto designated plates across multiple scene configurations with an 8-DoF

WidowX-250S arm
VLA-Cache (https://arxiv.org/abs/2502.02175) as a competitive baseline

— efficient vision-language-action model
— VLA-Cache can achieve practical acceleration with minimal sacrifice in success rate
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Experiments (2)

e Main Results: Comparison of task success rates and efficiency metrics

Method IND SR (%) ©+ OOD SR (%) t Memory (GB) | Inference Time (ms) | Throughput (samples/s) 1
OpenVLA (baseline) 89.06 57.81 14.858 169.00 5.9
VLA-Cache 87.50 59.38 14.794 125.18 8.0
OpenVLA + 4bit quantizaion 85.93 56.25 4971 134.10 7.5
OpenVLA + LLM-Pruner 21.86 14.06 12.433 139.39 7.2
RLRC (Ours) 90.62 62.50 3.856 74.07 13.5
RLRC-4bit (Ours) 85.93 54.68 1.772 100.77 9.9

e RLRC demonstrates highly competitive performance compared to other acceleration methods for
VLA 17



Experiments (3)

The training curves of SFT and RLFT

(a) Post-pruning SFT (b) Post-SFT RL
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Post-pruning SFT requires only a small number of steps, whereas RL tends to enhance OOD
generalization with increased training steps
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Experiments (4)

e Success rates of different model configurations
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e SFTis capable of recovering most of the performance lost due to pruning, while RL can further
enhance the model, even surpassing the original VLA



Experiments (5)

e Post-SFT RLFT vs. Scratch RLFT

(a) Post-SFT RL
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e SFT prior to RL is essential during the performance recovery stage

(b) RL-Only
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Limitation
— Extra compute/time cost — the SFT and RL stages add non-trivial training overhead
— Sim-to-real gap — PPO fine-tuning relies on many parallel simulators; transferring the learned policy to real robots
remains an open challenge

— LLM-centric pruning — current importance metrics are language-model-oriented and ignore robot-task saliency. Future
work should develop robot-domain-aware pruning criteria

HAESIE M| 2Bt actionO| 2SI ME2SIH & | X| U
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e Saliency-Aware Quantized Imitation Learning for Efficient Robotic Control (https://arxiv.org/abs/2505.15304)
— vision model, Ilm, action model2| =37} O| 2| HOfL| B = Z| & ot2tTH 2| 7 YO E Y (revisit model architecture
search), model architecture orchestration?

=l YIAHA JUes ==k SO[2R/]E
— J. Liy, F. Gao, B. Wei, X. Chen, Q. Liao, Y. Wu, C. Yu, and Y. Wang, “What can rl bring to vla generalization? an empirical

study,” arXiv preprint arXiv:2505.19789, 2025.

— S. Park, H. Kim, W. Jeon, J. Yang, B. Jeon, Y. Oh, and J. Choi, “Quantization-aware imitation-learning for resource-efficient
robotic control,” arXiv preprint arXiv:2412.01034, 2024.(%/ 2| saliency==1F €2 X X}
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RLRC Iin a nutshell

a three-stage method

1) structured pruning to the VLA model, specifically targeting the LLM component, to remove redundant structures in a
hardware-friendly manner

2) performance recovery stage that combines SFT with RL to restore the model's effectiveness on downstream tasks
3) optional quantization to further reduce the memory footprint, enabling efficient deployment on resource-constrained
robotic platforms

Structured Pruning Performance Recovery Quantization
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