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Abstract—YVision-Language-Action (VLA) models demonstrate
excellent performance in robotic manipulation tasks, but their
massive parameter scale leads to high computational and stor-
age costs, posing deployment challenges. Existing acceleration
approaches either rely on lightweight architectures that require
costly retraining and exhibit limited generalization, or focus solely
on inference acceleration without effectively reducing model size.
To address these limitations, we propose DWIP, a depth-width
integrated pruning strategy for VLA models. This method
removes redundant layers from VLA models through dynamic
layer pruning or task-driven adaptive layer pruning, enhancing
inference efficiency while maintaining model performance. By
further integrating width pruning, it constructs lightweight mod-
els that balance parameter size, accuracy, and speed under high
pruning rates. Experimental results on the LIBERO benchmark
demonstrate that DWIP enables lossless acceleration on simple
tasks, and on complex tasks, achieves a 42.7 % reduction in model
parameters and a 1.82x inference speedup, while preserving
98.1% of the original model performance. Code is available at
https://github.com/tlomlzq/DWIP.

Index Terms—Vision-Language-Action models, pruning, infer-
ence acceleration, model compression

I. INTRODUCTION

Vision-Language-Action (VLA) models [1]-[3] provide a
new paradigm for robotic operations by unifying visual percep-
tion, language understanding, and action generation. However,
existing VLA models often contain billions of parameters.
Their massive scale not only imposes extremely high com-
putational and storage costs during inference but also makes
direct deployment on embodied agents or embedded chips
challenging. Moreover, traditional autoregressive VLA models
typically achieve inference rates of only 3-5 Hz [2], far
below the millisecond-level responsiveness required for real-
time robot interactions. These bottlenecks severely limit the
application of VLA models in real robotic systems.

Existing research on efficient VLA models can be broadly
categorized into two categories. The first focuses on redesign-
ing network architectures [4]-[6]. Although these methods can
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TABLE I
MODULAR INFERENCE PERFORMANCE COMPARISON OF OPENVLA-7B
AND ITS LIGHTWEIGHT VARIANTS.

Parameters Inference
Model Module (M) Latency (ms)
" boecor | 8029 200
OpenVLA-TB | 00
guage module 6738.94 3117
(32 layers)
Visual Enconder
Lightweight + Projector 80229 >
OpenVLA Language nl(?dule 3500.81 149.7
(16 layers)

improve inference efficiency, they require retraining, which
incurs high computational costs [7], [8]. Moreover, the lack of
large-scale training data for robots limits the models’ gener-
alization capacity. The second category focuses on optimizing
inference efficiency by reducing computational overhead [9]—
[11]. However, these methods fail to decrease the model’s
parameter size and storage requirements.

To efficiently construct lightweight models, we systemati-
cally analyzed traditional VLA models based on autoregressive
decoding. As shown in Table I, the OpenVLA-7B model
[2] comprises a visual encoder, a projector, and a language
module. The language module alone contributes roughly 90%
of the model’s parameters and inference latency. Notably,
this module is a large language model (LLM) composed of
multiple Transformer layers [12], which exhibit substantial
structural redundancy, enabling the removal of certain layers
or components with limited performance loss [13]-[15].

However, existing pruning methods for VLA models mainly
focus on a single structural dimension. RLRC [16] compresses
VLA models through width pruning and employs reinforce-
ment learning to recover performance, but its additional in-
teractive training incurs high computational and time costs.
EfficientVLA [17] applies depth pruning to the language mod-
ule and further accelerates inference by filtering visual tokens.



However, its pruning ratio is relatively conservative, resulting
in limited model compression and inference acceleration. This
makes it difficult to meet the practical demands for highly
efficient deployment on resource-constrained edge devices.

Further experimental analysis reveals that aggressive prun-

ing in a single structural dimension not only disrupts the hier-
archical and representational structure of the VLA models but
also directly impairs the model’s action generation capability.
Since the outputs of VLA models are closely coupled with
robotic arm actions, the removal of critical layers can lead
to unstable control behaviors and task failures (see Sections
III and V-C for details). This effect becomes particularly pro-
nounced under high pruning ratios, where model performance
is difficult to recover even with conventional fine-tuning.

Analysis of the root cause reveals that redundancy in VLA

models is distributed across both depth and width structural
spaces. Single-dimensional pruning at high pruning ratios
tends to excessively disrupt critical computational pathways,
thereby limiting the model’s compressibility and recoverability
under a fixed parameter scales. Based on this, this paper
combines depth and width pruning strategies under preset
parameter scale constraints to achieve effective model com-
pression and inference acceleration while preserving action
generation capabilities and key structural elements.

The contributions of this paper are summarized as follows:

e« We find that two Transformer layers within the VLA
model’s language module are critical for performance
in robotic manipulation tasks and must be preserved
during pruning. Furthermore, different tasks have varying
dependencies on layers.

o We propose DWIP, an integrated pruning strategy, which
combines depth pruning and width pruning. This strategy
effectively mitigates the performance degradation caused
by depth pruning while reducing model size and acceler-
ating inference, and exhibits strong robustness, especially
in complex tasks.

« We propose a dynamic layer pruning method to efficiently
remove redundant layers in language modules. Based on
experimental results of skip layers, we further develop a
task-driven adaptive layer pruning method.

II. RELATED WORK
A. Efficient Vision-Language-Action Models
Recent work on efficient VLA models has focused on
two main aspects: model inference optimization and model
architecture optimization.

a) Inference Optimization: PD-VLA [18] combines ac-
tion chunking [19] with Jacobi decoding to enable parallel
prediction of multiple tokens. To address the inefficient iter-
ative process of Jacobi decoding, CEED-VLA [20] proposes
an early-exit decoding strategy, further enhancing model infer-
ence speed. VLA-Cache [10] selectively reuses the computa-
tion results of visual tokens to reduce redundant computation.
VLA-Pruner [21] improves computational efficiency by iden-
tifying critical visual tokens and pruning redundant tokens.
DeeR-VLA [22] introduces a multi-exit inference framework

that adaptively adjusts the effective model capacity based on
task demands, thereby enabling early-exit computation. MoLe-
VLA [11] dynamically selects the most relevant LLM layers
based on the robot’s current state to reduce computational
costs. While these methods enhance inference efficiency, they
do not reduce the model’s parameter size or storage overhead.

b) Architecture Optimization: TinyVLA [5] and Evo-1
[23] use small multimodal models as the backbone of their pol-
icy networks to reduce computational overhead. SmolVLA [6]
employs a small pre-trained Vision-Language Model (VLM)
[24] and an efficient design to reduce the training and deploy-
ment overhead. But these methods often require retraining and
are constrained by limited training data, which restricts their
generalization ability.

B. Efficient Model Compression via Pruning

Pruning is a classic model compression technique that
reduces model size and computational cost by removing
unimportant parameters or structures [25]. Existing pruning
methods can be broadly categorized into depth pruning and
width pruning.

a) Width Pruning: Width pruning is a structured pruning
method that reduces parameters and computation by removing
less important channels or neurons while preserving model
performance. AMP [26] identifies redundancy by evaluating
the actual contributions of attention heads and multilayer per-
ceptrons to the model’s residual flow. OWLed [27] performs
non-uniform intra-layer pruning based on the distribution of
outlier features within each layer. While these methods can
effectively reduce model size, their improvement in inference
speed is relatively limited.

b) Depth Pruning: Depth pruning reduces model depth
by removing entire layers while maintaining the weight di-
mensions of the remaining layers unchanged. Its core lies in
identifying and eliminating less important layers within the
model. LLM-Streamline [28] measures layer importance by
calculating the cosine similarity between inputs and outputs,
then performs depth pruning based on this metric. Previous
studies indicate depth pruning methods not only significantly
accelerate model inference but also achieve performance com-
parable to width pruning methods when combined with a Low-
Rank Adaptation (LoRA) [29] fine-tuning recovery phase [30].

III. SKIPPING LAYERS EXPERIMENT

To compress the VLA model, we used the traditional cosine
similarity-based pruning method, removing layers with high
input-output similarity from the language module, starting
from the penultimate layer and progressively eliminating re-
dundant layers. We found that once the depth pruning ratio
exceeded a certain threshold without fine-tuning, the task
success rate (TSR) dropped sharply and even reached zero,
as shown in Figure 1. Moreover, in robotic control, the arm
moved sluggishly, the gripper stayed closed, and actions were
invalid. These results indicate that simple layer removal fails
to preserve model expressiveness and highlights the need for
fine-tuning after pruning.
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Fig. 1. The impact of depth pruning ratio on OpenVLA performance across
different tasks (without fine-tuning; each task repeated 30 times).
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Fig. 2. Skipping Layer Experiment. The X-axis indicates the index of the
skipped layer. The color intensity represents the deviation in task success rate
after skipping the corresponding layer, with darker colors indicating higher
layer importance.

To further identify redundant layers in the language module
of the VLA models, we propose a simple experiment: replac-
ing the output of a specific layer with its input to simulate skip-
ping it, and measuring the impact on performance. Specifically,
we use the OpenVLA checkpoints in the LIBERO benchmark
[31] as base models and evaluate the influence of each skipped
layer on different tasks without any further fine-tuning.

As shown in Figure 2, skipping the first two layers severely
impairs performance. Furthermore, the final layer exhibits
stronger semantic relevance to the downstream task of robotic
manipulation [11]. Therefore, we designate the first two layers
and the final layer as critical layers and maintain their integrity
during pruning processes to avoid unnecessary degradation of
the model capabilities.

IV. METHOD
A. Overview

Based on the experimental results in Section III, we propose
DWIP, an integrated pruning strategy combining depth and
width pruning. Its core idea is to jointly employ depth and
width pruning methods under a target parameter constraint,
balancing inference speed and model performance. Specifi-
cally, according to the results shown in Figure 1, when the
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Fig. 3. The VLA model framework based on dynamic layer pruning.

depth pruning ratio exceeds approximately 30%, the model’s
performance on certain tasks drops sharply. Therefore, we set
this ratio as the depth pruning threshold. Depth pruning is pri-
oritized before significant performance degradation occurs to
maximize the removal of redundant layers, effectively reducing
inference latency. When the depth pruning ratio reaches the
threshold, or the model has not yet met the preset size, width
pruning is further applied for fine-grained compression. This
mitigates structural damage caused by single-depth pruning
while reducing computational and storage overhead.

B. Dynamic Layer Pruning

Unlike the pruning scenarios in LLMs that focus on text
generation, the language module in VLA models serves as
a critical intermediate representation between high-level task
understanding and low-level action execution. The stability
of its outputs directly impacts the generation of downstream
continuous actions.

Based on this, in DWIP, we first apply a top-down dynamic
layer pruning (DLP) strategy to the language module, using
output similarity as a constraint during the pruning process.
Specifically, as illustrated in Figure 3 , the DLP method
employs a sliding window mechanism to dynamically evaluate
the mergeability of adjacent layers. To ensure the stability
of the pruned language module on key representations, we
compute the mean cosine similarity of the last layer’s hidden
states on the representative task datasets D = {z(W}N
R
NS g
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)

where h(Li) and h(Li)/ denote the final-layer hidden state vectors
of the original and the pruned model for sample 4, respectively.
N is the number of samples drawn from the corresponding
task dataset. If the following condition is satisfied:
52>,

2)

where 7 is a predefined similarity threshold, the merge opera-
tion is considered acceptable, as it does not lead to significant
degradation in model performance, and the merged result
is retained. Otherwise, the operation is rejected, and the



sliding window is shifted downward from its current high-level
position to continue evaluating the mergeability of the next
set of adjacent layers. Finally, the original language module is
replaced with the compressed language module to obtain the
pruned VLA model.

The merging strategy uses weighted differential accumula-
tion. Suppose the adjacent layers to be merged are layer [ — 1
and layer [, with respective weights W;_; and W;. The weights
of the merged lower layers are updated as follows:

Wil =W +a (W, — Wi_1), 3)

where « € [0, 1] is the weight fusion coefficient. Then, high-
level structures are removed, thereby reducing redundant lay-
ers while maximizing the model’s representational power. This
process is iterated until the preset pruning ratio is achieved.

C. Width Pruning

For width pruning, we employ a structured pruning strat-
egy [32] that compresses the coupled structures within the
Transformer’s Multi-Head Attention (MHA) and Multilayer
Perceptron (MLP) modules. To ensure the independence of
our work, only a brief introduction is provided here.

This method employs a first-order Taylor expansion to esti-
mate the importance of the weight gradients of each coupled
structure and ranks them within each layer. Subsequently, the
importance of each layer is evaluated based on the cosine
similarity of the Transformer layer’s input and output, and non-
uniform sparsity is allocated across different layers. Layers
with higher similarity are assigned higher pruning ratios, while
critical layers (the first two layers and the last layer) are pro-
tected and not assigned a pruning ratio to avoid performance
degradation. Finally, under the allocated layer-wise sparsity
constraints, less important parameter groups are progressively
removed according to the local ranking, achieving intra-layer
compression.

V. EXPERIMENTS
A. Experimental Settings

a) Evaluation Environment: To evaluate the effectiveness
of the proposed pruning strategy, we systematically tested the
pruned models on the LIBERO simulation benchmark. This
benchmark includes four task suites: Spatial, Object, Goal,
and Long, which respectively assess the model’s performance
in spatial relationship understanding, object property model-
ing, goal-conditioned task execution, and long-horizon multi-
stage task planning. Each task suite contains multiple robot
manipulation tasks, each designed to evaluate the model’s
performance under a specific variation of the corresponding
task type. Experiments cover all task suites to comprehensively
evaluate the generalization ability of the pruned model under
different scenarios and task conditions.

b) Baselines: We use the OpenVLA model as the base-
line. Furthermore, based on observations from the layer-
skipping experiments in Section III, we implemented a task-
driven adaptive layer pruning method (TALP), which progres-
sively removes layers with lesser impact on task success rates.

TABLE II
PERFORMANCE COMPARISON OF PRUNING METHODS ON OPENVLA ON
THE LIBERO BENCHMARK.

Method pl?:lgg]sg Spatial Object Goal Long Avg.
Original - 84.8% 88.0% 76.6% 52.0% | 75.4%
30% 83.2% 86.0% 73.6% 49.6% | 73.1%
DLP 50% 82.6% 85.4% 71.0% 474% | 71.6%
70% 81.8% 84.2% 69.4% 46.0% | 70.4%
30% 85.6% | 89.0% 72.4% 48.8% | 74.0%
TALP 50% 84.2% 86.2% 71.4% 46.4% | 72.1%
70% 83.0% 85.2% 69.4% 44.6% | 70.6%
30% 84.2% 88.0% | 764% | 52.0% | 75.2%
WP 50% 83.0% 85.6% 71.4% 49.8% | 72.5%
70% 82.0% 84.2% 69.6% 47.6% | 70.9%

B. Implementation Details

We applied different pruning methods to the benchmark
model OpenVLA-7B and evaluated their performance on
four task suites of LIBERO. Each task suite comprised 10
tasks, with each task repeated 50 times. The average task
success rate served as the evaluation metric. All experiments
were conducted on NVIDIA RTX 4090 and A800 GPUs.
We implemented our pruning methods in PyTorch using the
HuggingFace Transformers library.

During the iterative pruning process with dynamic layer
pruning, we randomly selected 30 samples from the expert
demonstration trajectories corresponding to each task suite in
LIBERO as calibration data. This data was used to compute
the cosine similarity between model outputs before and after
pruning, as well as to evaluate the importance of parameter
groups in the width pruning method. Unlike text-based cal-
ibration approaches, this method more effectively constrains
the behavior of pruned models, enabling them to better adapt
to robotic manipulation task scenarios.

Furthermore, to restore the performance of the pruned
model, we employed LoRA [29] for efficient fine-tuning.
Specifically, a low-rank matrix of rank 32 was inserted into
each linear layer to achieve efficient parameter adaptation. We
used two NVIDIA A800 GPUs with 80GB of memory for
fine-tuning. For the LIBERO-Long suite, we fine-tuned for
50,000 steps, and for the other three suites for 20,000 steps,
with a batch size of 16. In practice, we observed that models
with lower pruning rates could recover performance with fewer
fine-tuning steps, and that longer fine-tuning steps resulted in
better performance recovery.

C. Evaluation Results on LIBERO

We systematically evaluated the proposed pruning strategies
on the LIBERO benchmark under three relatively high pruning
ratios. The results are shown in the Table II. Experimental
results show that, across different pruning ratios, all pruning
strategies maintain relatively high task success rates on the
four tasks. This suggests that the VLA model contains sub-
stantial redundancy across both depth and width dimensions.

At a lower pruning ratio of 30%, TALP exhibits a certain
advantage on simple tasks, with the task success rate increas-



TABLE III
EFFICIENCY ANALYSIS OF DEPTH AND WIDTH PRUNING METHODS UNDER
DIFFERENT PRUNING RATIOS.

TABLE IV
PERFORMANCE COMPARISON OF INTEGRATED METHODS ON THE
LIBERO-LONG SUITE. LATENCY IS TESTED ON 4090.

Pruning Params| Inference Throughput| FLOPs| Speed Task Success Inference Latency
Ratios Method (B) Latency(ms) (Hz) (10%2) | up Method Params Rate (ms)
- Original| 7.5B 338.3 2.96 1.39 1.00x Original-OpenVLA 7.5B 52.0% 338.3
30% Width 5.8B 267.1 3.74 1.10 1.27x TALP (50%) 4.3B 46.4% (-5.6%) 176.5 (J47.8%)
50% Prlnin 4.6B 222.9 4.49 0.90 1.52x DLP (50%) 4.3B 47.4% (-4.6%) 174.8 ({48.3%)
70% umngl 3 s 186.1 5.37 0.71 1.82x WP (55%) 4.3B 49.4% (-2.6%) 218.7 (35.4%)
30% Depth 5.6B 233.8 4.28 0.96 1.45x% DWIP
50% . 4.3B 174.8 5.72 0.70 1.94 % TALP (30%) +
70% | PNl 208 | 109.6 9.2 | 039 | 3.09x DLP (30%) 438 | 47.7% (43%) | 1733 (148.8%)
TALP (30%) +
WP (32%) 4.3B 46.8% (-5.2%) 186.9 (144.7%)
DLP (30%) +
. . . . 4.3B 51.0% (-1.0%) 185.7 (45.1%)
ing from 84.8% to 85.6%. This further validates the existence TALIYHI 5(;’2%)DLP
of redundancy layers that can be safely removed within the (15%) + 43B | 48.8% (-3.2%) 186.0 (45.0%)

language module and also demonstrates the effectiveness of
using TSR as an indicator for identifying redundant layers
in this scenario. However, at the same pruning rate, DLP’s
performance slightly declined, indicating its advantages do not
extend to low-complexity task scenarios.

As task complexity increases, DLP consistently outperforms
TALP’s direct layer removal strategy across varying pruning
rates in the Long task suite. This demonstrates that the layer
merging mechanism based on weight differential accumulation
retains complex reasoning capabilities more effectively. Exper-
imental results also reveal that simple tasks like Spatial and
Object exhibit lower dependency on model size and inference
depth, whereas complex tasks such as Goal and Long still
require deeper representational and reasoning capabilities.

Regarding width pruning, WP shows only a 0.2% average
performance drop at the 30% pruning rate. Because it removes
redundant channels without disrupting the model’s overall
structure, it demonstrates greater stability than depth pruning
at high pruning rates. Further analysis of robotic arm behavior
reveals that width pruning offers significant advantages in
action generation continuity and executability compared to
depth pruning, which can cause control instability such as
oscillations or stagnation.

D. Efficiency Analysis

We tested the average single-step inference time of models
after depth and width pruning at different pruning rates on an
NVIDIA RTX 4090. Furthermore, we estimated the number of
forward propagation floating-point operations for the attention
layer and MLP layer of the language module, with a uniform
sequence length of 128 tokens.

As shown in Table III, width pruning achieved acceleration
factors of 1.27x, 1.52x, and 1.82x at pruning rates of 30%,
50%, and 70%, respectively. This is because width pruning
reduces computational load by compressing the channels and
MLP dimensions within a single layer while maintaining the
total number of layers. By compressing single-layer channels
and MLP dimensions while maintaining the same number
of layers, width pruning reduces computational load and
enhances inference speed.

Furthermore, due to the presence of protected layers, models
obtained via width pruning retain a slightly higher number of

(15%) + WP (32%)

parameters than those produced by depth pruning under the
same pruning ratio.

Depth pruning significantly reduces forward computation by
removing unimportant Transformer layers, thereby decreasing
memory access between activations and weights. At the same
pruning rates, depth pruning achieved acceleration factors of
1.45x, 1.94x, and 3.09x, demonstrating more pronounced
performance gains compared to width pruning.

Although width and depth pruning operate on different
principles, both effectively reduce computational complexity
and parameter size, improving inference efficiency, with depth
pruning exhibiting greater advantages at higher pruning ratios.

E. Ablation Study

Based on the experimental results presented above, we
combined depth and width pruning within a fixed parameter
scale to verify the effectiveness of DWIP at high pruning rates.
We designed a series of experiments on the LIBERO-Long
suite, with the experimental results shown in Table I'V.

Specifically, the integrated pruning is conducted in two
stages: depth pruning (TALP or DLP) is first applied to the
original model, and width pruning is then performed on the
compressed model obtained from the first stage. All integrated
methods follow this stepwise procedure.

Experimental results demonstrate that combining depth
pruning with width pruning outperforms using depth pruning
alone, validating the effectiveness of DWIP at high pruning
rates. The DLP + WP combination achieved the highest task
success rate at high pruning rates, with only a 1% decrease
compared to the baseline, surpassing any single pruning strat-
egy. This indicates that after removing redundant layers, VLA
models retain compressible space in the width dimension.
However, standalone width pruning tends to damage critical
structures at high pruning rates, making it difficult to meet
high compression ratio demands. DWIP preserves key model
structures while effectively maintaining action generation ca-
pabilities and performance on complex tasks.

In contrast, TALP + WP shows limited improvement, likely
because its discontinuous layer removal disrupts representation



continuity across layers at high pruning rates, weakening its
ability to model long-term dependencies and complex decision
relationships. Even when DLP is applied to mitigate this
effect, the compensation afforded by its linear approximation
is limited due to the irreversible structural damage, resulting
in TALP + DLP + WP still underperforming DLP + WP.

VI. CONCLUSION

In this paper, we propose DWIP, an integrated pruning
strategy based on depth—width integrated pruning to construct
lightweight models that balance accuracy, speed, and param-
eter size. Our study demonstrates that pruning large-scale
pretrained VLA models is an efficient and low-cost approach
for model lightweighting. Furthermore, we find that the first
two layers of the language module are critical for model
performance, as skipping any layer across different tasks leads
to significant performance degradation. To address this, we
propose dynamic layer pruning and task-driven adaptive depth
pruning methods, combined with width pruning to achieve
multi-dimensional compression. This enables the model to
maintain key structural integrity and task performance under
high pruning ratios, providing a viable solution for deploying
efficient VLA models.
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