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Abstract—Vision-Language-Action (VLA) models have emerged
as a powerful paradigm in Embodied AI. However, the significant
computational overhead of processing redundant visual tokens
remains a critical bottleneck for real-time robotic deployment.
While standard token pruning techniques can alleviate this,
these task-agnostic methods struggle to preserve task-critical
visual information. To address this challenge, simultaneously
preserving both the holistic context and fine-grained details for
precise action, we propose Compressor-VLA, a novel hybrid
instruction-conditioned token compression framework designed
for efficient, task-oriented compression of visual information
in VLA models. The proposed Compressor-VLA framework
consists of two token compression modules: a Semantic Task
Compressor (STC) that distills holistic, task-relevant context,
and a Spatial Refinement Compressor (SRC) that preserves fine-
grained spatial details. This compression is dynamically modulated
by the natural language instruction, allowing for the adaptive
condensation of task-relevant visual information. Experimentally,
extensive evaluations demonstrate that Compressor-VLA achieves
a competitive success rate on the LIBERO benchmark while
reducing FLOPs by 59% and the visual token count by over 3x
compared to its baseline. The real-robot deployments on a dual-
arm robot platform validate the model’s sim-to-real transferability
and practical applicability. Moreover, qualitative analyses reveal
that our instruction guidance dynamically steers the model’s
perceptual focus toward task-relevant objects, thereby validating
the effectiveness of our approach.

Index Terms—YVision-Language-Action Models, Robot Manipu-
lation, Token Compression, Efficient Learning

I. INTRODUCTION

The paradigm of Vision-Language-Action (VLA) models,
which directly maps raw sensory inputs and language com-
mands to low-level robot actions, represents a significant
advancement in the pursuit of general-purpose robotic agents
[1], [2]. Seminal works such as RT-1 [1], RT-2 [3], Gato [6], and
more recent open-source efforts like OpenVLA [7] and Octo
[8], have demonstrated that pre-training on large-scale, diverse
multimodal datasets endows these models with remarkable gen-
eralization capabilities, simplifying the traditional, decoupled
“perception-planning-control” pipeline [9], [10]. Typically, these
architectures rely on a high-capacity Vision Transformer (ViT)
for perception, a Large Language Model (LLM) for reasoning,
and an action head for control. Crucially, the ViT backbone
grounds the model in the physical world by deconstructing
images into grids of patches and projecting them into long
sequences of hundreds or even thousands of visual tokens.
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Fig. 1. Comparison of visual token reduction strategies. (a) Prior pruning-based
methods remove low-scoring tokens directly. (b) Compressor-VLA forms a
compact task-conditioned token set through two guided pathways, with STC
for global context compression and SRC for local detail preservation.

This rich, high-dimensional representation encodes essential
fine-grained details and complex spatial relationships, forming
the perceptual bedrock upon which all subsequent planning
and decision-making are built.

However, this high-dimensional perceptual reliance imposes
significant computational demands. State-of-the-art VLAs
typically employ Vision Transformers [11] to encode image
frames into long token sequences, incurring substantial FLOPs
and memory costs during LLM processing. This overhead leads
to inference latencies that hinder real-time robot manipulation
[12]. Furthermore, raw visual inputs contain task-irrelevant
information (e.g., background clutter), which wastes resources
and introduces noise that may degrade policy quality [13], [14].

To address this efficiency challenge, a common approach is
token reduction, which typically involves a pruning layer that
discards tokens based on task-agnostic importance scores [13]—
[15]. While effective at reducing token count, this “hard" selec-
tion strategy risks losing crucial information. More importantly,
this entire approach fails to leverage the language instruction to
guide the compression process. This is suboptimal for robotics,
where the relevance of visual cues is highly dynamic and
dependent on the given instruction. Other related methods
include token merging [16] and query-based compression [17],
but they often share the same task-agnostic limitation.

In this work, we propose Compressor-VLA, a hybrid
instruction-guided token compression framework for VLA mod-
els, as illustrated in Fig. 1(b). Instead of directly pruning tokens,



our key idea is to reconstruct a compact task-conditioned repre-
sentation through two complementary pathways: the Semantic
Task Compressor (STC), which summarizes task-relevant
global context, and the Spatial Refinement Compressor
(SRC), which preserves manipulation-relevant local details.
This design enables more efficient and context-aware visual
compression for downstream action generation.

Our main contributions are summarized as follows: (i) we
propose Compressor-VLA, a hybrid instruction-conditioned
token compression framework that integrates global and local
pathways for efficient, task-oriented visual processing in VLA
models; (ii) extensive experiments on the LIBERO benchmark
and real-world dual-arm robot deployments demonstrate that
our approach achieves a strong efficiency-performance trade-off,
reducing FLOPs by 59% while maintaining a competitive 97.3%
success rate; and (iii) we provide comprehensive qualitative
and quantitative analyses validating the effectiveness of our
instruction-guided compression strategy and the complementary
roles of the two pathways.

II. RELATED WORK

Vision-Language-Action Models. Drawing from pretrained
vision, LLM, and VLM foundations, VLAs have emerged to
process multimodal inputs-visual observations and language
instructions to generate robotic actions for embodied tasks
[1]-[7], [18]. RT-1 [1] and Octo [6] utilize a transformer-based
policy integrating diverse data, such as robot trajectories across
varied tasks, objects, environments, and embodiments. Recent
studies [3], [7], [18] harness pretrained VLMs to produce
robotic actions, tapping into world knowledge from large-scale
vision-language datasets. For example, RT-2 [3] and OpenVLA
[7] model actions as tokens within the language vocabulary,
whereas RoboFlamingo [18] adds a separate policy head for
action prediction. OpenVLA [7] and Octo [8], trained on large,
aggregated datasets such as Open X-Embodiment [19], have
become crucial benchmarks for the community. To mitigate
catastrophic forgetting and better leverage the powerful priors of
VLMs, methods like OTTER [12] freeze the language-aligned
vision encoders, such as CLIP [20] and train a lightweight
policy network on top of text-aware visual features. While
architectural choices differ, all these models face the common
challenge of efficiently processing long visual token sequences.

Efficient Token Processing. VLM inference can be opti-
mized by reducing visual tokens, which dominate the input
sequence. While efficient token processing has been explored
in language models [21], [22], the higher redundancy in images
makes visual token reduction for VLMs particularly effective.
Common strategies include token pruning [13], [14], merging
[16], and query-based aggregation [17]. Most prior VLA
methods, such as VLA-Cache [23] and EfficientVLA [10],
rely on pruning to shorten sequences. In contrast, our work
utilizes query-based aggregation as an information bottleneck.
Moreover, unlike task-agnostic prior work, our compression
is task-conditioned, ensuring a goal-oriented filtering process
rather than generic summarization.

Instruction-Conditioned Mechanisms. Modulating a net-
work’s behavior based on an external context is a powerful
technique, ranging from high-level cross-attention [11] to fine-
grained feature modulation. The latter, exemplified by methods
like Feature-wise Linear Modulation (FILM) [24] and Adaptive
Instance Normalization (AdaIN) [25], uses a conditioning signal
to generate affine transformation parameters (scale and shift)
that are applied to a network’s intermediate representations.
In our work, we employ FiLM to design a lightweight and
efficient instruction-conditioned mechanism, using the language
instruction to guide the visual compression.

III. METHOD
A. Overall Architecture and Data Flow

To address the efficiency bottleneck in VLA models, we
introduce a hybrid instruction-guided compressor. This com-
pression module replaces the standard projector connecting the
vision encoder and the LLM backbone, as illustrated in Fig. 2.

The proposed token compression module operates on two
primary inputs: the visual features X € RV*P from a pre-
trained vision encoder, where N and D represent the number
of vision tokens and embedding dimension, respectively, and
the language instruction embeddings from the VLA’s own
LLM backbone. To accommodate variable-length instructions,
we apply mean pooling across the sequence of language
embeddings to derive a single fixed-size vector, Lpooied.
This vector subsequently functions as the conditioning signal
for instruction guidance. Instead of a separate pre-trained
language encoder (e.g., CLIP), we leverage the LLM’s internal
embeddings to reduce parameters and utilize the rich semantic
information already present in pre-trained large-scale models.

The data flows through two parallel pathways. This hybrid
architecture can balance two competing and equally critical
requirements in robotic manipulation: high-level semantic
understanding and low-level spatial precision. A separate global
compressor, similar to standard Perceiver-style models, excels
at creating a holistic scene summary but risks removing the
fine-grained spatial details necessary for precise actions. The
proposed token compression model resolves this challenge
by creating a hybrid architecture, where the two components
handle different complementary tasks:

o The Semantic Task Compressor (STC) provides the
strategic context (what to do and where to go) by gener-
ating a globally-contextualized summary Zg € R¥*D,

« The Spatial Refinement Compressor (SRC) supplies the
tactical precision (how to act) by producing a spatially-
aware local representation Z;, € RN *P,

The final compressed sequence, Z = Concat([Zg; Z1]),
integrates the outputs of STC and SRC as input for the LLM
to generate robot actions. The specific designs of STC and
SRC are detailed below.

B. Semantic Task Compressor

The goal of the STC is to distill the visual scene into a com-
pact, fixed-length summary that is dynamically conditioned on
the language instruction. It employs a query-based aggregation
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Fig. 2. The architecture of the proposed Compressor-VLA. The module features two instruction-guided parallel pathways. The Semantic Task Compressor
(STC) uses language to modulate its queries, while the Spatial Refinement Compressor (SRC) infuses language information directly into local visual tokens.

strategy, using a small set of k learnable queries, Q € R**P,

where £ < N. We modulate these queries using Feature-
wise Linear Modulation (FiLM) [24]. Specifically, a semantic
representation of the task, denoted by FEr, is computed by
passing the pooled language vector through a dedicated MLP:

EL - MLPSTC(Lpooled) (1)

Then, a small MLP generates per-query affine transformation
parameters (scale v and shift (5):

v, 8 = MLPrirm(ErL) )
Qcon:7®Q+6 (3)

These conditioned queries then interact with the full set of
visual tokens X via cross-attention to produce the global
summary Zg:

Zg = Attention(Q = Qeon, K = X,V = X) 4)

Our approach ensures that task instructions shape the infor-
mation bottleneck from the outset. By employing FiLM, we
non-linearly adapt the STC’s learnable queries, which function
as abstract “concept detectors", to prioritize scene features
most relevant to the current task.

C. Spatial Refinement Compressor

To compensate for the potential spatial information loss in
the global pathway, the goal of SRC is to reduce token count
while preserving fine-grained, task-relevant local details. It
operates on non-overlapping local windows of the 3D feature
X' € REXWXD “\vhere H, W, and D represent the height,
width, and embedding dimension, respectively.

For each window containing tokens X,, € R¥XWxD e
first generate a representative “raw" query, denoted by ¢4,
by downsampling and reshaping the original visual features.
This query is then modulated by the language instruction. A
transformed instruction embedding is produced from the pooled
language vector via a separate MLP, E} = MLPsrc(Lpooied)s
and added to the raw query. This conditioned query, denoted

by qw, then attends to the original, unmodified window tokens
to produce a task-aware summary z,,:

@raw = Downsample(X,,) Q)
quw = Graw + Ei (6)
zw = Attention(Q = ¢, K = X,,, V = X)) @)

The operator Downsample(-) conducts downsampling and
flattens to the input vector. The final local representation Z, is
the concatenation of all z,,. This design efficiently infuses task-
relevance into the query process, guiding the model to preserve
local details pertinent to the instruction. For the SRC, the
primary goal is to preserve local detail with minimal distortion.
We therefore opt for a simpler direct injection of the language
embedding into the query. This linear shift acts as a gentle
“hint" to the local query, subtly biasing its attention towards
task-relevant features within its window without aggressively
transforming the representation, thereby safeguarding the high-
fidelity spatial information required for precise manipulation.

IV. EXPERIMENTS

We evaluate Compressor-VLA on both simulation bench-
marks and real-world scenarios.

A. Simulation Setup

Environment and Baselines. We conduct experiments on
the LIBERO benchmark [26], a comprehensive suite featuring
a simulated Franka Panda arm across four task suites (Spatial,
Object, Goal, Long) with diverse scenes and instructions.
We evaluate Compressor-VLA against two categories of
methods. First, we consider General-purpose VLAs. We
utilize OpenVLA-OFT [27] as our primary baseline to isolate
compression effects, alongside representative high-performing
models CogACT [28] and 70 [29]. Second, we benchmark
against Efficient VLAs that represent distinct acceleration
paradigms. Specifically, SP-VLA [30] and SpecPrune-VLA [33]
employ hierarchical model scheduling or speculative pruning
strategies. SparseVLM [32] and FastV [31] focus on adaptive
token sparsification, whereas VLA-Cache [23] utilizes temporal
feature caching.



TABLE I
PERFORMANCE ON LIBERO-SPATIAL, LIBERO-OBJECT, LIBERO-GOAL, AND LIBERO-LONG TASK SUITES. THE BEST RESULTS ARE HIGHLIGHTED IN
BOLD. “COMPRESSED TOKENS” DENOTES THE NUMBER OF VISUAL TOKENS FED TO THE LLM AFTER COMPRESSION; “AVG.” AND “MIN.” INDICATE
AVERAGE RETAINED AND MINIMUM REQUIRED TOKEN COUNTS, RESPECTIVELY.

Spatial  Object Goal Long Avg. FLOPs
Model SR (%) SR (%) SR (%) SR (%) SR (%) (T) Compressed Tokens
OpenVLA-OFT [27] 97.6 98.4 97.9 94.5 97.1 3.95 512
CogACT [28] 97.2 98.0 90.2 88.8 93.6 - 512
w0 [29] 96.8 98.8 95.8 85.2 94.2 - 512
SP-VLA [30] 754 85.6 84.4 54.2 74.9 3.10 229 (avg.)
FastV [31] 96.8 81.0 96.4 73.0 86.8 3.18 256
SparseVLM [32] 96.8 94.2 97.6 93.6 95.6 3.04 256
SpecPrune-VLA [33] 98.2 96.3 97.7 94.0 96.6 1.70 197 (avg.)
VLA-Cache [23] 99.0 97.7 97.4 93.6 97.0 3.28 212 (min.)
Compressor-VLA 98.8 99.2 96.4 94.8 97.3 1.62 160
Metrics and Implementation. We report the Success Rate TABLE II

(SR) to evaluate task performance. To explicitly measure
computational efficiency, we utilize FLOPs and compressed
token counts. Implementation follows OpenVLA-OFT [27],
training on 8 Nvidia A100 GPUs for 150,000 gradient steps
with a global batch size of 64. We employ LoRA [34] (rank
32) to fine-tune the vision encoder and LLM backbone, while
the compressors and action head are fully fine-tuned. The
learning rate decays from 5e~% to 5e~°. Specifically for our
compression modules, we set the global queries k¥ = 16 and
the local window size w = 2.

Results & Analysis. Table I highlights that Compressor-
VLA significantly reduces computational overhead without
compromising accuracy. Compared to the baseline, we reduce
FLOPs by 59% and tokens by over 3 x, while slightly improv-
ing the success rate (97.3% vs. 97.1%). When benchmarking
against efficient VLAs, our advantages are twofold. First, unlike
VLA-Cache, which relies on reuse mechanisms that yield only
marginal FLOPs reduction (3.28T), our structural compression
achieves a much lower computational cost (1.62T). Second,
compared to aggressive pruning methods like SpecPrune-VLA
(1.70T) and SP-VLA, our method maintains a competitive
success rate comparable to the full-sized model, avoiding the
accuracy degradation observed in those approaches.

B. Ablation Study

Component Analysis. We analyze component contributions
in Table II, comparing our full model (STC+SRC) against
single-stream variants (STC/SRC-Only), an unconditioned
baseline (No Guidance), and a modulation variant (STC+SRC-
FiLM) where SRC uses FiLM. Results validate our design
choices. The full architecture achieves the highest average
success rate (97.3%). Removing guidance drops performance
to 96.3%, confirming task-aware compression is necessary.
Drops in single-stream models (95.9% and 95.5%) demonstrate
that neither global context nor local detail alone suffices; the
dual-pathway is essential. Crucially, ‘STC+SRC-FiLM’ yields
lower performance (97.0%) than our default. This suggests
simple additive injection is more effective than FiLM for SRC,
preserving high-frequency details with minimal distortion.

ABLATION ON COMPRESSOR COMPONENTS AND GUIDANCE ON LIBERO
SUITES. BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Config Spat. Obj. Goal Long Avg. FLOPs Tok.
STC+SRC 98.8 99.2 964 94.8 97.3 1.62 160
STC+SRC-FiLM 98.4 99.0 96.0 944 97.0 1.62 160
No Guidance 98.6 99.0 93.8 93.8 96.3 143 160
STC-Only 96.0 97.6 96.8 93.0 959 0.76 32
SRC-Only 97.6 98.2 942 922 955 1.20 128

Hyperparameter Sensitivity. Table III illustrates the trade-
off between global compactness (k) and local granularity (w).
For global queries, performance saturates at k = 16; increasing
to £ = 32 incurs higher FLOPs (1.83T) without accuracy gains,
leading us to select k = 16 as the efficient default. In contrast,
the model is highly sensitive to local window size. The smallest
window (w = 2) yields the best result (94.8%), while larger
windows (w = 4, 8) cause drops. This confirms minimizing the
compression window is critical for preserving spatial details
necessary for precise manipulation.

TABLE III
ABLATION ON HYPERPARAMETERS k£ AND w ON THE LIBERO-LONG TASK
SUITE. BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Hyperparam. Value Long FLOPs Tokens
k=8 942 1.51 144

Global Queries k=16 94.8 1.62 160
k=32 94.8 1.83 192
w=2 948 1.62 160

Local Window w =4 92.6 0.86 64
w=8 914 0.70 40

C. Real-World Evaluation

To validate sim-to-real transfer, we deployed Compressor-
VLA on a Mobile ALOHA robot equipped with dual 7-DoF
Piper arms. The perception system utilizes a multi-view setup:
wrist-mounted cameras on the arms and a third-view RGB
camera. We designed two tasks (Fig. 3): (1) Spatial Awareness
(“Put X into bucket”), evaluating precise localization with
diverse objects (simulated toys, yellow banana, green pepper,
purple eggplant) over 100 trajectories per object. (2) Semantic
Understanding (“Stack Tower of Hanoi”), testing multi-step



Instruction: stack tower of hanoi

#

Fig. 3. Execution examples on real-world tasks.

logical reasoning, for which we collected 10 trajectories
per relative configuration. The model was fine-tuned from
OpenVLA checkpoints for 100,000 steps using RGB inputs
from both views. We use a learning rate of 5¢~4, which is
decayed to 5e~" after 50,000 steps.

TABLE IV
REAL-WORLD TASK SUCCESS RATE ON MOBILE ALOHA.

Spatial Awareness ~ Semantic Understand

Model (SR %) (SR %)
OpenVLA-OFT 91.7 (22/24) 76.7 (23/30)
Compressor-VLA 100 (24/24) 83.3 (25/30)

Results and Efficiency. As shown in Table IV, Compressor-
VLA achieves competitive real-world success rates on both
tasks, supporting the sim-to-real applicability of the proposed
compression strategy. We further evaluated computational
efficiency on the robot hardware. Compared to the baseline
(~123ms), Compressor-VLA significantly reduces inference
latency to 73.4-85.6ms. This 1.43-1.67 x speedup outperforms
efficient alternatives like SparseVLM (~96.3ms) and VLA-
Cache (~97.8ms). Notably, the proposed STC and SRC
modules incur negligible overhead (0.87ms). This efficiency
extends to training, reducing the total duration from 32 to 24
hours on 8xA800 GPUs.

D. Qualitative Analysis

We present qualitative results to validate our design princi-
ples: instruction-guided attention and the STC-SRC synergy.

Instruction-Conditioned Attention (Fig. 4). To verify
dynamic guidance, we visualize STC attention maps for the
same initial scene under different commands. As shown in
Fig. 4, in Task 1 (“put the alphabet soup...”), the model
focuses on the soup can. Crucially, in Task 2 (“put the cream
cheese box...”), attention shifts to the cheese box. This confirms
two capabilities: (1) Goal-Directed Filtering: The model
effectively isolates task-relevant objects. (2) Predictive Focus:
The attention acts as a temporally-aware filter, anticipating the
immediate sub-goal (e.g., the first object to grasp) rather than
attending to all mentioned items simultaneously. Additionally,
the consistent low-level attention on the gripper indicates stable
proprioceptive awareness.

Hybrid Architecture Synergy (Fig. 5). We visualize the
distinct roles of the two modules using Task 10 (“put the
yellow and white cup into the microwave”). The STC acts
as a high-level planner, maintaining a broad focus on the
global positions of the cup and the microwave to encode the

Y o P

Instruction: put purple eggplant into bucket

Wrist camera
Fig. 4. STC attention visualization for the same scene. The model dynamically
focuses on the soup in Task 1 (Left) and shifts to the cheese box in Task 2
(Right) based on the instruction.

SRC’ Attn
Wrist SRC’ Attn STC’ Attn

Fig. 5. Visualization of the hybrid architecture’s synergy on Task 10 ("Put
the yellow and white cup into the microwave...") in LIBERO-10.

semantic layout. In contrast, the SRC exhibits fine-grained
spatial awareness; its attention is concentrated specifically on
the mug’s handle, a critical geometric detail required for
a stable grasp. This validates our design: STC provides the
semantic “where”, while SRC refines the tactical “how”.

V. CONCLUSIONS

We present Compressor-VLA, a token compression frame-
work for VLA models. Our framework performs instruction-
guided visual token compression by combining a Spatial
Refinement Compressor for spatial detail and a Semantic
Task Compressor for contextual summary. Extensive exper-
iments on simulation tasks demonstrate that Compressor-VLA
significantly reduces computational load while maintaining
competitive task success rates. Experiments on real-world tasks
further support the practical applicability of our method. We
show the effectiveness of our hybrid architecture and validate
our design choices through ablation studies. Our work shows
that by intelligently filtering visual data based on task relevance
at an early stage, we can achieve more efficient and robust
robotic agents. Current validation is conducted on LIBERO



and one real-world robot platform; extending evaluation to
additional benchmarks and robot platforms is an important
direction for future work.
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