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Abstract. Real-time inference of vision–language–action (VLA) mod-
els is essential for robotic control. While visual token pruning has shown
strong potential for accelerating inference, most existing methods mainly
base pruning decisions on shallow-layer cues and risk discarding visual
information required by deep layers. To address this issue, we propose
SAFE-Pruner, a plug-and-play pruning framework that incorporates
attention cues of future layers into pruning decisions. Specifically, we
identify semantic attention consistency, the tendency that VLA models
concentrate their attention probability mass on the same semantic entity
across control timesteps. Based on this observation, we design a forward-
looking strategy to forecast the token saliency in deep layers, which pre-
vents the premature removal of critical tokens and leads to more stable
acceleration. We further introduce a reference timestep refresh strategy
that triggers updates upon attention shifts, thereby improving forecast-
ing accuracy and pruning reliability. Extensive experiments across di-
verse evaluation settings demonstrate that our method achieves up to
1.89× speedup with a minimal degradation in success rate of less than
1.5%, while outperforming state-of-the-art methods by up to 1.9%.

Keywords: Vision-Language-Action Model · Token Pruning · Inference
Acceleration

1 Introduction

Vision-Language-Action (VLA) models [4,5,19,20,22,32] have become a promis-
ing route toward general and flexible robotic manipulation, building on the ad-
vances in pretrained vision-language backbones [2, 3, 18] and large-scale robotic
datasets [12, 15, 17, 28]. By unifying visual perception, language understanding
and downstream generation in a single framework, these models enable end-to-
end embodied control across diverse tasks and environments. However, the heavy
computational overhead and high inference latency severely hinder their appli-
cation for real-time robotic control, especially in dynamic scenarios where timely
† Corresponding author
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Fig. 1: Comparison of SAFE-Pruner and shallow-only token pruning meth-
ods. Shallow-only methods (left) rely on early-stage saliency, risking premature prun-
ing of tokens critical for deep layers. SAFE-Pruner (right) comprehensively considers
saliency across inference stages by predicting late-stage importance, enabling correct
retention of important tokens and achieving a better accuracy-efficiency balance.

responsiveness is critical. Thus, developing lightweight acceleration methods for
VLA models is an urgent and critical research challenge for enabling real-world
robotic perception and control.

While traditional acceleration techniques such as distillation [13,46], quanti-
zation [27,35,38] and layer pruning [43] provide efficiency gains for VLA models,
their requirement for retraining or architectural modifications severely limits
their generalization capability. Recently, visual token pruning [1, 8, 25, 37, 44]
has become a promising direction, which reduces computation by discarding
visually redundant tokens based on attention probabilities [8, 44] or similarity
scores [1,42]. Some methods further integrate VLA-specific properties into prun-
ing decisions to enhance stability in long-horizon control [31,37].

Despite these advances, current token pruning methods for VLA models face
a short-sighted selection issue. Most existing approaches [1,8,25,44] make prun-
ing decisions using signals extracted from early intra-timestep stages like shallow-
layer attention, and then permanently discard the remaining tokens, which fails
to fully account for their downstream utility within the same control timestep. In
VLA models, producing a single action typically involves multi-stage computa-
tion like layer-wise feature refinement from shallow to deep Transformer layers;
as a result, tokens that appear less salient early on may later become informa-
tive for deep-layer reasoning and prematurely pruning such tokens can therefore
cause significant performance degradation. While recent works [25, 36] attempt
to address this issue, they mainly estimate late-stage token saliency from visual-
token subsets already pruned in early layers, where some critical tokens may
have been irreversibly removed.

To address the above limitations, we propose SAFE-Pruner, a plug-and-play
framework that incorporates token saliency of different inference stages into
pruning decisions to avoid premature discarding of critical tokens. Our goal is to
predict intra-timestep future reasoning cues during early pruning stages based
on historical frames. To achieve this goal, we first analyze how the attention
scores of VLA models evolve across different frames within the same rollout.
Specifically, we identify a phenomenon of semantic attention consistency: when
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performing the same task across different timesteps, the model predominantly at-
tends to patches with consistent semantic information, such as target objects to
be grasped, even when their spatial locations change. Based on this phenomenon,
we propose a future attention forecast strategy that uses late-stage inference in-
formation from historical frames to predict future reasoning cues of the current
frame, thereby avoiding the premature pruning of tokens that will be attended to
in late stages and leading to consistent performance gains across diverse bench-
marks and tasks. While semantic attention consistency is well-maintained most
of the time, we still observe distinct changes in attention patterns at the bound-
aries between two significantly different subtasks, which degrade the prediction
accuracy. In addition, long-horizon forecasting may accumulate drift over time.
To address these issues, we propose an adaptive key timestep selection strategy
based on early-stage attention changes, which refreshes the reference when nec-
essary to maintain consistency between the current and reference timesteps and
avoid interference from outdated information. Fig. 1 provides a visual compari-
son of our method against conventional shallow-only approaches.

We conduct extensive and well-designed experiments to validate the effective-
ness and generalization capability of our method. Specifically, we implement our
approach alongside state-of-the-art open-source methods [1, 8, 25, 37, 44] across
four distinct VLA architectures [19,20,22,32] and benchmarks [23,24]. The exper-
imental results demonstrate that our method outperforms existing approaches
in both inference acceleration and task performance.

Our main contributions can be summarized as follows:

– We identify and validate the semantic attention consistency phenomenon
of VLA models in continuous manipulation, revealing a critical attention
regularity for pruning decision-making;

– We propose a future-aware token pruning framework with an attention pre-
diction mechanism based on semantic consistency and adaptive key timestep
selection, mitigating the short-sighted pruning problem of existing methods;

– We conduct comprehensive evaluations in diverse settings, demonstrating
that our method achieves up to 1.89× speedup with a negligible drop in
success rate below 1.5%, while outperforming state-of-the-art methods by
up to 1.9%.

2 Related Work

Vision-Language-Action Models (VLA). Vision-language-action (VLA)
models aim to unify visual perception, language understanding, and action gen-
eration within a single policy for embodied manipulation [6,7,14,34]. A common
recipe is to leverage a pre-trained vision-language model (VLM) [9,33] and scale
learning with large collections of robot demonstrations [7,12,30], which enables
open-vocabulary instruction following and improved generalization across tasks,
objects, and environments. Recent work further explores different action decod-
ing formulations, which include autoregressive policies [20,41], action-chunk pre-
diction [19, 45], and diffusion-style policy heads [10, 22], as well as data-centric



4 S. Ma et al.

strategies such as multi-task training [4, 32]. Together, these advances estab-
lish VLA as a promising paradigm for general-purpose manipulation, while also
bringing increased computational demands due to dense visual tokens and long-
horizon, closed-loop inference [39].
Acceleration for VLA Models. Improving the inference efficiency of VLA
models is important for real-time robotic control, where latency can directly af-
fect closed-loop stability and task success. Acceleration efforts span both system-
and model-level directions, comprising both general-purpose techniques and VLA-
specialized optimizations. On the system side, prior work improves throughput
using mixed-precision inference [29], operator/kernel optimizations [11], and bet-
ter KV-cache management [21]. On the model side, researchers study lightweight
architectures [13,43], as well as training-free methods [40] that adaptively reduce
computation. In particular, visual token pruning [8,25] is attractive in VLA set-
tings because visual tokens typically dominate sequence length and attention
cost. By selecting a compact subset of informative patches guided by attention
features [8, 31, 36] or similarity signals [1], these methods can yield substantial
speedups with limited performance degradation. Nevertheless, pruning at high
ratios remains challenging, as token importance may shift across layers and dif-
ferent stages, motivating approaches that better anticipate downstream cues and
preserve task-critical visual evidence to achieve better performance.

3 Method

3.1 Preliminary: Attention-based Token Saliency

Current works [8,25,37,44] typically utilize the cross-attention weights to identify
the important tokens and guide the pruning. Let ℓs denote the layer at which
token pruning is performed, Hℓs

vis ∈ RLvis×D and Hℓs
query ∈ RLquery×D represent

the hidden state matrices of visual tokens and query tokens respectively, where
Lvis and Lquery denote the number of visual and query tokens, and D is the
dimension of hidden states. In this work, we adopt action tokens as query tokens.
Via standard multi-head projection and reshaping, we derive query matrices
Qℓs ∈ RNh×Lquery×d from query tokens and key matrices Kℓs ∈ RNh×Lvis×d from
visual tokens, with Nh being the number of attention heads and d the dimension
of each head. The scaled dot-product attention Aℓs from query tokens to visual
tokens is calculated as

Aℓs = Softmax(
Qℓs

(
Kℓs

)⊤
√
d

) ∈ RNh×Lquery×Lvis . (1)

Each entry Aℓs
h,t,v measures how strongly the t-th query token attends to the

v-th visual token under head h. We aggregate attention across heads and query
tokens to obtain a per-visual-token saliency score Sℓs :

Sℓs =
1

Nh Lquery

Nh∑
h=1

Lquery∑
t=1

Aℓs
h,t,v ∈ RLvis . (2)
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Fig. 2: Attention pattern differences and core token loss under early-
saliency-only pruning in OpenVLA-OFT. (a) Visualization of a coarse-to-fine
attention focusing regime, where early layers show broad attention and late layers fo-
cus on critical regions. (b) Core token loss rate under early-saliency pruning, rising
sharply at aggressive pruning levels.

Based on the score, we only keep the top-K highest-saliency visual tokens and
prune the rest to focus computation on evidence most relevant to current task.
It should be noted that the pruning operation is irreversible, meaning that only
this subset of visual tokens is available for the subsequent inference phase.

3.2 Visual Attention Dynamics in VLA Models

The generation of action tokens at a given control timestep typically consists
of multiple distinct stages. For instance, autoregressive models involve prefill
and decoding stages, single-forward models perform inference across different
depth of Transformer blocks, and two-stage models include separate semantic
understanding and action generation phases. To achieve favorable acceleration
efficiency, pruning is typically performed in the early stage of VLA inference.
This raises a critical question: Will early-stage pruning prematurely discard visual
tokens that the model will focus on in the late stages? To investigate this issue,
we thoroughly analyze how the attention patterns evolve across intra-timestep
stages and control timesteps. Our key insights can be summarized as follows.
Varied concentration across intra-timestep stages. As illustrated in Fig. 2,
we visualize the attention pattern differences between early and late stages based
on the single-forward model OpenVLA-OFT [19]. Early attention patterns are
scattered and broad, while later attention patterns become more locally con-
centrated and focused, reflecting a coarse-to-fine attention regime. We further
quantify how this discrepancy affects pruning. At pruning rates above 70%, the
probability that early-saliency-only pruning removes core tokens (the top 10%
most important tokens) of other layers rises sharply, causing substantial perfor-
mance degradation in conventional pruning methods.
Semantic consistency across control timesteps. Although attention pat-
terns differ across intra-timestep stages, we observe that attention patterns at
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Frame 0 Frame 7 Frame 12 Frame 13 Frame 15

Fig. 3: Visualization of semantic attention consistency and subtask tran-
sitions. We visualize key attention tokens (orange) across five frames of a robotic
pick-and-place episode. For most steps, attention remains anchored to task-relevant
semantic entities rather than spatial positions, demonstrating semantic consistency.
An abrupt shift in attention occurs at Frame 13, which coincides with the subtask
transition. This temporal evolution highlights both the stability of semantic attention
within a subtask and the abrupt shift at the boundary between two distinct subtasks.

the same stage across different control timesteps, especially the more concen-
trated late-stage attention, exhibit striking semantic consistency. As depicted in
Fig. 3, the gripper moves from the middle to the right to grasp the soup and then
to the left to place it; despite this large displacement, attention remains highly
concentrated around the gripper region in every frame. This suggests that VLA
models consistently attend to patches sharing the same task-critical semantics
throughout the episode, which in turn enables the future attention prediction
strategy based on historical frames. It is worth noting that prior work [25,36] has
reported substantial overlap in attention patterns between adjacent timesteps,
while our observation extends this finding to longer horizons and reveals a more
general form of semantic consistency.
Sudden changes at subtask transitions. Although semantic attention con-
sistency holds for most steps, we sometimes observe abrupt shifts in attention at
subtask transitions. For example, in Fig. 3, frame 13 attends more to the basket
compared with frame 12. This change corresponds to the transition from the
“pick up” subtask to the “place” subtask, where the task-critical semantic entity
changes from the object to the target box.

These observations jointly motivate our overall pruning framework. The var-
ied attention patterns across intra-timestep stages demonstrate that effective
pruning must consider the saliency of different stages to avoid the premature
discarding of critical tokens of the late stage. However, since pruning is executed
in the early stage, the late-stage saliency is unavailable at the pruning moment.
To resolve this, we leverage the observed semantic consistency across control
timesteps to predict the current step’s late-stage saliency using information from
prior steps, as introduced in Sec. 3.3. Furthermore, to mitigate unreliable predic-
tions caused by the observed sudden attention shifts during subtask transitions
as well as accumulated drift, we propose an adaptive reference timestep selection
strategy, as introduced in Sec. 3.4. The pipeline of our full approach is illustrated
in Fig. 4.
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Fig. 4: The overall framework of SAFE-Pruner. Given a text prompt and a se-
quence of visual frames, multimodal tokens are produced by text and visual encoders.
A saliency-based keyframe detection module identifies frames with significant saliency
shifts. For keyframes, pruning is skipped; for non-keyframes, our future-aware token
pruning module predicts late-stage token saliency from historical frames, fuses it with
early-stage saliency scores, and removes non-critical tokens. This forward-looking strat-
egy incorporates pruning impact on future stages into decision, achieving a superior
accuracy–efficiency balance in VLA inference.

3.3 Future-Aware Token Pruning

Inspired by the semantic attention consistency introduced in Sec. 3.2, we propose
a forward-looking strategy that forecasts token importance in the late stages.

Consider a VLA task with a total of T control timesteps. For each control
timestep, the model generates the corresponding action tokens via forward prop-
agation through L Transformer layers. To extract representative timesteps for
saliency prediction, we first select a subset of timesteps Tkey as key timesteps.
For each key timestep τ ∈ Tkey, we do not prune at any layer and cache the
full-token saliency vector {Sℓ

τ , ℓ = 0, 1, . . . , L− 1} for every layer l.
For each non-key timestep t /∈ Tkey, we perform pruning at the shallow layer

ℓs. We first calculate Sℓs
t as early-stage saliency. To predict the late stage saliency

that we cannot directly compute at ℓs, we take the most recent key timestep τref
as reference timestep, which is defined as:

τref = max{τ ∈ Tkey : τ < t}. (3)

Afterwards, we identify the semantically closest visual token at the reference key
timestep τref for each visual token at the current timestep t, by minimizing the
cosine distance between the corresponding tokens. Based on this visual token
correspondence, we transfer the precomputed saliency scores Sℓ

τref
of every layer

l from τref to t, denoted as {Ŝℓ
t , ℓ = 0, 1, . . . , L− 1}.
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To better approximate the importance of tokens in the late stages, we predict
saliency vectors for a set of deeper layers Ld and aggregate them by averaging:

ŜLd
t =

1

|Ld|
∑
ℓ∈Ld

Ŝℓ
t ∈ RLvis . (4)

We then fuse the shallow-layer saliency and the deeper-layer predicted saliency
to generate the final token importance scores:

st = (1− λ)Sℓs
t + λ ŜLd

t , λ ∈ [0, 1]. (5)

Based on st, we select the top-K visual tokens with the highest importance
scores for retention. By jointly considering token importance in both current
and future inference stages during pruning, our approach effectively mitigates
the risk of prematurely discarding tokens that become critical in later stages,
thereby achieving a better balance between performance and efficiency.

3.4 Adaptive Key Timestep Selection

The key timestep set Tkey directly determines the quality of our future-saliency
forecast and therefore plays a crucial role in the overall pruning performance. A
straightforward baseline is to sample key timesteps at a fixed temporal interval.
However, as discussed in Sec. 3.2, attention may change abruptly at subtask
transitions; in such cases, an interval-based strategy can miss the transition
point and propagate an outdated saliency prior across multiple consecutive steps,
leading to suboptimal pruning performance. We argue that the validity of the
saliency prior is more correlated with whether two control timesteps belong to the
same subtask than with their temporal distance. Motivated by this observation,
we adaptively refresh key timesteps by detecting attention shifts via the cosine
similarity of saliency maps.

We use the shallow-layer saliency vector Sℓs
t ∈ RLvis as a lightweight proxy of

the current attention pattern and compare it with the forecasted saliency vector
in the same layer. We compute the cosine similarity:

κt =

〈
Sℓs
t , Ŝℓs

t

〉
∥∥∥Sℓs

t

∥∥∥
2

∥∥∥Ŝℓs
t

∥∥∥
2

∈ [−1, 1]. (6)

When κt < γ (where γ is a threshold), we detect an attention shift and refresh
the key timestep:

t ∈ Tkey ⇐⇒ κt < γ. (7)

At such a key timestep, we trigger full-token inference and update the stored
saliency prior for subsequent forecasting; otherwise we reuse the latest key timestep
τref for saliency transfer and forecasting, followed by the token pruning.

Overall, at each timestep t, SAFE-Pruner: (i) computes shallow saliency Sℓs
t ;

(ii) forecasts layer-wise saliency from the latest keyframe cache via Eq. (4); (iii)
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decides whether t is a keyframe using Eqs. (6)–(7) in current shallow layer. If
t ∈ Tkey, we disable pruning and run full-token inference to directly output
the action at, while computing reliable saliency maps in different layers and
updating the keyframe cache {Sℓ

τ} for subsequent forecasting. If t /∈ Tkey, we
skip the expensive full-token computation and instead rely on the forecasted
deep-layer saliency ŜLd

t (Eq. (4)) together with the shallow metrics Sℓs
t to fuse

scores and select tokens using Eq. (5), and run the original VLA policy on the
pruned token set to output the action at. This yields a training-free, plug-and-
play pruning pipeline that refreshes priors only when necessary while preserving
the accuracy benefits of future-aware saliency.

4 Experiments

4.1 Experiment Setups

Foundation Models. We implement our method on four VLA backbones with
different architectures and decoding paradigms to test generalization. Specifi-
cally, we use: (1) OpenVLA [20], a token-based VLA that predicts discretized ac-
tions conditioned on a fused vision encoder and an LLM backbone; (2) OpenVLA-
OFT [19], which replaces step-by-step decoding with parallel decoding plus ac-
tion chunking and continuous-action regression; (3) CogACT [22], a componen-
tized VLA that separates vision/language reasoning from a specialized diffusion-
based action module; and (4) π0.5 [32], which couples a VLM backbone with a
flow-matching action expert. These models cover the mainstream architectural
families in modern VLAs, and consistent gains across them verify our method’s
cross-architecture generalization.
Comparison Methods. We compare our approach against the unaccelerated
vanilla model as primary baseline, together with a set of representative state-
of-the-art open-source token pruning methods. These include VLM acceleration
methods like FastV [8], SparseVLM [44], and DivPrune [1], as well as recent
efficiency methods developed specifically for VLA models: VLA-Cache [37] and
VLA-Pruner [25]. For all baseline methods, we conduct thorough hyperparam-
eter tuning under the same experimental setup to obtain their best possible
performance, ensuring a fair and convincing comparison.
Evaluation Metrics. We use three evaluation metrics, success rate, FLOPs
and latency, to jointly assess task performance and inference efficiency. These
metrics are widely adopted in current token pruning works [25, 37], allowing us
to comprehensively and fairly evaluate the performance-efficiency trade-off of
different methods. For latency evaluation, following VLA-Cache [37], we report
the per-timestep inference latency of the VLM backbone. Unless otherwise spec-
ified, all latency measurements are conducted on an NVIDIA RTX 4090 GPU.
The reported latency is averaged over all evaluated control timesteps, including
both key and non-key timesteps, and incorporates all additional computational
overhead introduced by our method.
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Fig. 5: Visualization of the real-world experiment setup. Left: The Astribot S1
dual-arm platform, equipped with 7-DoF arms, grippers, and wrist-mounted and head-
mounted RGB cameras for visual perception. Right: The manipulation environment
used to evaluate task performance across diverse robotic scenarios.

4.2 Evaluation Benchmarks.

LIBERO [24]. We adopt the LIBERO benchmark as our primary evaluation
suite, which assesses the generalization capability of VLA models across four
manipulation dimensions: Spatial reasoning, Object-centric interaction, Goal-
directed execution, and Long-horizon planning. Structured into four distinct
suites, LIBERO features 10 unique manipulation tasks per suite, with 50 eval-
uation episodes allocated to each task—resulting in 2000 episodes. We con-
duct experiments on OpenVLA, OpenVLA-OFT and π0.5 in this benchmark.
To maintain consistent and strict experimental comparability with prior VLA
work, we adhere to the standardized evaluation protocol and publicly released
official weights for all baseline models.
SIMPLER [23]. We evaluate our method on the SIMPLER simulator to as-
sess its robustness in bridging the simulation-to-reality gap. This simulator pro-
vides two complementary settings for a Google robot arm: Visual Matching and
Variant Aggregation, each encompassing four distinct manipulation tasks. We
select CogACT [22] as our base model for this benchmark, as it provides official
pre-trained weights tailored for SIMPLER, enabling us to reliably quantify the
performance-efficiency trade-offs of different methods.
Real Robot Experiment. We conduct real-world evaluations using the Astri-
bot S1 [16] dual-arm platform. With its chassis and torso immobilized, control
is strictly limited to the 14-DoF arms and grippers. Visual observations are pro-
vided by two wrist-mounted RGB cameras alongside a head-mounted camera
that actively tracks the workspace center. The detailed configuration is visu-
alized in Fig. 5. Using 200 to 1,000 expert demonstrations collected via VR
teleoperation, we fine-tune task-specific π0.5 models for three distinct scenarios
designed to test a spectrum of robotic capabilities. These include Pick and Place
to assess basic manipulation across 10 different objects, Throw Basketball to test
small-object dexterity, and Pack Doll—a long-horizon, multi-stage task requir-
ing precise geometric coordination to pick up a doll, place it inside a box, and
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Pick and Place

Pick and Place

Throw Basketball

Pack Doll

Fig. 6: Real-world robotic task scenarios for evaluation. Visualization of three
distinct task scenarios on the Astribot S1 platform: Pick and Place task for basic
manipulation, Throw Basketball for small-object dexterity, and Pack Doll for long-
horizon multi-stage coordination, each designed to assess different robotic capabilities.

secure the lid. The task setups are visualized in Fig. 6. Each trained model is
evaluated across 200 trials to comprehensively measure its performance.

4.3 Main Results

Results on LIBERO. The results of the LIBERO experiment are listed in
Tab. 1, which demonstrates the broad applicability and significant superiority of
our method. Due to differences in model architecture and size, visual token prun-
ing methods exhibit varying acceleration effects across different models. Nev-
ertheless, our method consistently achieves an excellent performance-efficiency
balance across diverse model architectures when compared to the unaccelerated
vanilla model—incurring only a negligible performance drop of no more than
1.5% in average success rate while reducing computational cost and latency by
up to 60% and 47%, respectively. Furthermore, by integrating future attention
cues into pruning decisions, our method maintains consistently superior per-
formance over existing methods even under higher acceleration settings. This
is evident in the OpenVLA-OFT [19] experiment: while achieving substantially
better acceleration in terms of FLOPs from 2.126 T to 1.722 T and backbone
latency from 50.24 ms to 37.22 ms, our method still achieves the highest suc-
cess rate, which is 1.9% higher than the best performance of existing methods.
These results confirm the superiority of our method in both efficiency and per-
formance across different architectures of mainstream VLA models. We further
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Table 1: Comparison on LIBERO benchmarks. Best results among acceleration
methods are highlighted in bold. Our method consistently achieves the best trade-off
between efficiency and performance across models with different architectures, deliver-
ing the lowest FLOPs and latency while maintaining top success rates.

Model Method Success Rate(%) ↑ FLOPs
(T)↓

Latency
(ms)↓Spatial Object Goal Long Average

OpenVLA

Vanilla 84.6 86.6 78.2 53.2 75.7 1.862 48.24
FastV 81.8 70.6 71.8 44.6 67.2 0.811 34.63
SparseVLM 80.6 72.4 68.2 46.6 67.0 0.876 34.32
DivPrune 78.6 62.8 66.2 43.2 62.7 0.832 37.18
VLA-Cache 78.2 71.2 70.6 45.8 66.5 0.941 35.21
VLA-Pruner 82.0 84.4 77.8 52.6 74.2 0.793 36.47
Ours 82.2 84.8 77.6 52.0 74.2 0.742 32.18

OpenVLA-OFT

Vanilla 98.4 98.2 96.4 94.2 96.8 3.970 70.25
FastV 97.8 92.8 95.6 91.8 94.5 2.141 50.24
SparseVLM 98.6 91.8 94.8 92.0 94.3 2.289 52.15
DivPrune 97.2 90.0 93.4 89.6 92.6 2.126 53.87
VLA-Cache 97.0 92.2 94.6 91.0 93.7 2.730 58.14
VLA-Pruner 97.4 93.0 94.0 92.0 94.1 2.234 54.53
Ours 98.0 98.0 96.2 93.4 96.4 1.722 37.22

π0.5

Vanilla 98.2 98.0 98.0 91.8 96.5 2.115 35.28
FastV 96.4 96.8 95.6 89.0 94.5 1.612 28.64
SparseVLM 94.6 97.2 94.8 89.2 94.0 1.713 29.03
DivPrune 93.8 96.6 92.4 88.0 92.7 1.576 30.55
VLA-Cache 94.8 96.0 96.4 88.2 93.9 1.632 28.14
VLA-Pruner 95.8 97.2 95.6 88.0 94.2 1.583 32.64
Ours 97.0 98.8 96.0 90.2 95.5 1.482 24.33

evaluate the compatibility of SAFE-Pruner with HiF8 [26] quantization, as re-
ported in Tab. 2. The combined framework reduces FLOPs by 56.4% and GPU
memory by 38.1% relative to the vanilla OpenVLA-OFT model, while maintain-
ing a comparable success rate. These results demonstrate that SAFE-Pruner is
compatible with quantization methods, enabling simultaneous improvements in
computational and memory efficiency.
Results on SIMPLER. We evaluate the sim-to-real robustness and efficiency
of our method on the SIMPLER benchmark (Tab. 3), focusing on the CogACT
backbone across two domain-shift settings: Visual Matching (VM) and Vari-
ant Aggregation (VA). Overall, our approach achieves state-of-the-art inference
acceleration while preserving task performance comparable to the unpruned Co-
gACT baseline, demonstrating its effectiveness in realistic robotic scenarios. In
the VM setting, our method attains an average success rate of 74.5%, nearly iden-
tical to the 74.8% success rate achieved by the vanilla CogACT, while reducing
FLOPs to just 37.4% of the baseline and delivering a 1.73× speedup. This out-
performs all competing methods: FastV delivers only a 1.21× speedup at 42.0%
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Table 2: Compatibility with quantization. Combining SAFE-Pruner with HiF8
jointly reduces computational cost and GPU memory while maintaining performance
comparable to the vanilla OpenVLA-OFT model.

Method Success Rate (%) ↑ FLOPs
(T) ↓

GPU Memory
(GB) ↓Spatial Object Goal Long Average

Vanilla 98.4 98.2 96.4 94.2 96.8 3.970 17.83
Ours 98.0 98.0 96.2 93.4 96.4 1.722 18.31
Ours + HiF8 98.8 98.6 95.8 93.4 96.6 1.729 11.03

Table 3: Comparison on SIMPLER benchmarks. Best results among acceleration
methods are highlighted in bold. The results demonstrate that our approach yields
the highest speedup and lowest computational cost, while maintaining a success rate
competitive with or better than the baseline and other acceleration methods.

SIMPLER Method Success Rate(%) ↑ FLOPs
(%)↓

Speed
up↑Pick Move Drawer Apple Average

Visual
Matching

CogACT 91.3 85.0 71.8 50.9 74.8 100.0 1.00×
Random 9.7 20.4 53.5 0.0 20.9 58.5 1.20×
FastV 92.6 81.4 69.8 52.4 74.1 42.0 1.21×
VLA-Cache 92.0 83.3 70.5 51.6 74.4 80.1 1.38×
Ours 91.3 83.8 70.8 51.9 74.5 37.4 1.73×

Variant
Aggregation

CogACT 89.6 80.8 28.3 46.6 61.3 100.0 1.00×
Random 4.0 16.1 15.6 0.0 8.9 58.5 1.20×
FastV 91.4 78.6 27.6 50.6 62.1 42.0 1.19×
VLA-Cache 91.7 79.3 32.5 45.8 62.3 82.6 1.37×
Ours 92.1 79.2 28.0 48.1 61.9 36.2 1.67×

FLOPs, while VLA-Cache offers a modest 1.38× speedup at 80.1% FLOPs. In the
VA setting, our method maintains an average success rate of 61.9%, which is on
par with the baseline 61.3%, and achieves a 1.67× speedup with 36.2% FLOPs
retention, outperforming the 1.37× speedup of VLA-Cache and the marginal
acceleration of FastV. These results confirm that our token pruning strategy
generalizes to sim-to-real scenarios, making it suitable for deployment on real
robotic systems with strict latency constraints. In some settings, the accelerated
model slightly outperforms the vanilla baseline, a phenomenon also observed in
prior work [37]. We assume that this is because our method filters out tokens
irrelevant to the task, thus making the model more concentrated on the useful
information and improving the success rate.
Results on Real Robot. We further validate our method in real-world de-
ployment on the Astribot S1 dual-arm platform. We conduct a comprehensive
evaluation of FastV and Ours, reporting task success rate together with com-
putational cost and VLM backbone inference latency measured on an NVIDIA
RTX 3090. The results are shown in Tab. 4. Compared with the unpruned π0.5
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Table 4: Comparison on real robot manipulation tasks. ‘Latency’ refers to the
inference latency of the VLM backbone, tested on an NVIDIA RTX 3090 GPU.

Method
Success Rate ↑ FLOPs Latency

Pick
and Place

Throw
Basketball

Pack
Doll Average (T)↓ (ms)↓

π0.5 94% 77% 73% 81.3% 2.264 80.36
+ FastV 82% 69% 56% 69.0% 1.857 56.93
+ Ours 90% 81% 67% 79.3% 1.543 43.56

Table 5: Ablation Studies. The ablation results verify the effectiveness of each
proposed component, showing that both the forecasting mechanism and the keyframe
selection strategy contribute to improved performance–efficiency balance, and their
combination yields the best overall results.

Method Success Rate(%) ↑ FLOPs
(T)↓

Latency
(ms)↓Spatial Object Goal Long Average

Vanilla 98.4 98.2 96.4 94.2 96.8 3.970 70.25
w/o forecast 97.8 93.0 95.8 91.6 94.5 2.141 50.31
w/o adaptivity 98.2 96.2 96.0 92.6 95.8 2.236 51.98
Ours 98.0 98.0 96.2 93.4 96.4 1.722 37.22

baseline, both pruning methods substantially reduce inference cost and latency,
decreasing FLOPs from 2.264 T to 1.857 T with FastV and to 1.543 T with our
method, while reducing latency from 80.36 ms to 56.93 ms and 43.56 ms, respec-
tively. This efficiency gain comes with a drop in average success rate from 81.3%
to 69.0% for FastV and to 79.3% for our method, showing that our approach
preserves performance better. Overall, our method achieves a consistently bet-
ter accuracy–efficiency trade-off than FastV. The gains are most pronounced on
Throw Basketball from 69% to 81%, which requires precise grasping of small
objects. We also observe improvements from 82% to 90% on Pick and Place and
from 56% to 67% on the long-horizon Pack Doll task. These results indicate that
incorporating future-aware attention cues yields more reliable pruning decisions
in real robotic control, preserving task-critical visual evidence while reducing
inference cost.

4.4 Analysis

To validate the effectiveness of each component in our method, we perform
systematic ablation studies using OpenVLA-OFT [19] on the LIBERO bench-
marks [24], evaluating four experimental configurations: (1) the unaccelerated
model (vanilla), (2) token pruning only using shallow attention without future
state forecasting (w/o forecast), (3) future-layer prediction guided pruning with
fixed-interval keyframe selection (w/o adaptivity) and (4) our complete pipeline
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(Ours). As presented in Tab. 5, the vanilla baseline achieves a high average suc-
cess rate of 96.8% but introduces heavy computational costs with 3.970 T FLOPs
and 70.25 ms latency; although w/o forecast delivers obvious acceleration, it suf-
fers from a clear performance drop to 94.5% due to the premature discarding of
task-relevant tokens. By incorporating future-layer information to assist token
pruning, w/o adaptivity alleviates accuracy degradation and boosts the aver-
age success rate to 95.8%, but it fails to account for attention shift at subtask
boundaries, and full-token inference on fixed-interval keyframes limits further ac-
celeration. In contrast, our full approach incorporates an adaptive key-timestep
selection mechanism, which improves prediction robustness while reducing the
number of key timesteps. As a result, it achieves the highest average success
rate of 96.4%, along with the lowest FLOPs of 1.722 T and latency of 37.22 ms
among acceleration variants, demonstrating that future forecasting and adaptive
reference refreshing jointly balance performance and inference efficiency.

5 Conclusion

We present SAFE-Pruner, a training-free, plug-and-play token pruning frame-
work that leverages the observed phenomenon, semantic attention consistency,
to forecast late-stage token saliency from historical keyframes and thus avoid
premature removal of task-critical visual evidence. By fusing shallow-stage cues
with predicted deep-stage saliency and adaptively selecting key timesteps, our
method successfully preserves downstream reasoning while substantially reduc-
ing computation and inference delay. Experiments across multiple VLA back-
bones, simulation benchmarks and real-robot trials demonstrate that SAFE-
Pruner consistently improves the accuracy–efficiency trade-off, achieving up to
1.89× speedup with negligible loss in task success. We believe SAFE-Pruner
not only offers a practical path toward low-latency VLA inference for real-time
robotic control, but also provides new insights into the attention dynamics of
VLA models.
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