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Abstract001

Vision-language-action (VLA) inference ex-002
hibits substantial redundancy across consecu-003
tive frames: large regions of the visual input004
remain unchanged, yet the model repeatedly re-005
encodes the entire scene. We present a training-006
free approach for efficient and accurate VLA007
inference based on coordinated cross-modal008
token reuse. Our method introduces a unified009
mask that identifies static and task-irrelevant010
visual patches using a two-stage criterion com-011
bining temporal appearance consistency and012
attention-based relevance. The unified mask013
drives reuse consistently in both the vision en-014
coder and the language model: cached visual015
representations are reused for selected patches,016
while dynamic or task-critical regions are re-017
computed. This coordinated reuse preserves018
cross-modal consistency and enables end-to-019
end acceleration without modifying model ar-020
chitecture or requiring finetuning. Experiments021
on robotic manipulation tasks show that the pro-022
posed approach improves inference efficiency023
while maintaining or improving task success024
rates, validating the effectiveness of unified,025
cross-modal token reuse in VLA models.026

1 Introduction027

Vision-language-action (VLA) models map vi-028

sual observations and natural language instructions029

to low-level control actions, enabling end-to-end030

robotic manipulation (Zitkovich et al., 2023; Octo031

Model Team et al., 2024; Kim et al., 2024; Black032

et al., 2024). Recent open-source VLA systems033

demonstrate strong generalization across tasks and034

environments, but their inference cost remains high035

due to repeated processing of redundant visual036

content (Liu et al., 2024; Wen et al., 2024; Yue037

et al., 2024). In closed-loop control, consecutive038

frames are highly correlated: most visual regions039

remain static, while only small areas around the040

end-effector or target objects change. Neverthe-041

less, standard VLA inference recomputes all visual042

tokens and decoder states at every step, resulting 043

in unnecessary computation and limiting control 044

frequency. 045

In this work, we address efficient VLA inference 046

from a cross-modal perspective. We propose a 047

training-free approach that coordinates token reuse 048

across the vision encoder and the language model 049

using a single, unified decision variable. Specif- 050

ically, we introduce a unified mask that selects 051

reusable visual patches based on a two-stage cri- 052

terion: temporal appearance consistency identifies 053

static regions, while text-to-vision attention high- 054

lights task-critical regions (Xu et al., 2025). On the 055

vision-encoder side, cached attention and MLP out- 056

puts are reused for selected patches, while dynamic 057

regions are recomputed; a lightweight keyframe 058

refresh mitigates error accumulation (Liu et al., 059

2025). On the language-model side, the same uni- 060

fied mask governs reuse of cached key–value states 061

during the prefill stage (Xu et al., 2025). By enforc- 062

ing consistent reuse decisions across modalities, 063

our approach preserves visual–language alignment 064

and improves inference efficiency without modify- 065

ing model architectures or introducing additional 066

training. Figure 1 provides an overview of the set- 067

ting, and Figure 2 illustrates how the unified mask 068

coordinates token reuse across the two modules. 069

Our contributions are threefold: (1) we introduce 070

a coordinated cross-modal token reuse mechanism 071

for VLA inference, in which reuse decisions are 072

synchronized across the vision encoder and the lan- 073

guage model via a unified mask; (2) we propose a 074

training-free patch selection strategy that balances 075

temporal stability and task relevance, supporting 076

flexible appearance- and attention-based scoring; 077

and (3) we demonstrate through extensive experi- 078

ments that coordinated reuse improves inference 079

efficiency while maintaining or improving task suc- 080

cess rates across multiple benchmarks. 081
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Figure 1: Overview of a standard VLA inference pipeline and the target of optimization. At each timestep, the
model processes the current observation image through a ViT-based vision encoder to obtain visual tokens, which
are projected and concatenated with language instruction tokens and fed into an autoregressive LLM to predict robot
actions. In closed-loop control, this pipeline recomputes all visual tokens and decoder states at every step despite
high frame-to-frame redundancy. Our method targets this redundancy by introducing synchronized token reuse
across the vision encoder and the language model, while keeping the original inference structure and token ordering
unchanged.

2 Related Work082

VLA Inference Optimization. VLA models in-083

herit large vision–language model backbones and084

benefit from strong multimodal understanding, yet085

their high inference cost limits real-time control086

and increases sensitivity to visual noise. Existing087

optimization approaches can be broadly catego-088

rized into training-aware and training-free methods.089

Training-aware methods modify model architec-090

tures, such as introducing lightweight vision en-091

coders or specialized action heads, and require re-092

training to maintain performance (Wen et al., 2024;093

Yue et al., 2024; Zhang et al., 2025; Liu et al.,094

2024). In contrast, training-free methods exploit095

redundancy during inference, including pruning to-096

kens or layers within a frame (Yang et al., 2025),097

reusing caches across frames (Xu et al., 2025), and098

reusing visual tokens to stabilize inference (Liu099

et al., 2025). Our work builds on this line by co-100

ordinating reuse across the vision encoder and the101

language model using a unified mask as a shared102

decision rule.103

Token Processing Techniques. Efficient token104

processing in multimodal Transformers has been 105

extensively studied through pruning, merging, and 106

sparse attention mechanisms (Chen et al., 2024; 107

Zhang et al., 2024; Bolya et al., 2022; Cao et al., 108

2023; Rao et al., 2021; Meng et al., 2022; Liang 109

et al., 2022). These approaches primarily focus on 110

reducing intra-frame computation and may degrade 111

spatial fidelity or overlook temporal redundancy. 112

Temporal reuse strategies, by contrast, are well 113

suited to settings such as robotic control where 114

visual content changes slowly over time. Exist- 115

ing methods typically target either the visual path- 116

way or the language decoder in isolation. Our ap- 117

proach adopts a temporal perspective and empha- 118

sizes cross-modal coordination, ensuring that reuse 119

decisions are consistent across both components. 120

3 Methodology 121

3.1 Problem Setting 122

We consider a VLA policy that maps an image 123

It and a textual prompt to an action. The model 124

consists of a vision encoder (implemented as a Vi- 125

sion Transformer, ViT), a projector, and a large 126
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Figure 2: Coordinated cross-modal token reuse driven by a unified mask. Given consecutive frames, we
construct a unified patch-level mask using a two-stage criterion: temporal appearance consistency identifies static
regions, while text-to-vision attention highlights task-relevant patches. The same mask is applied consistently
to both modules: in the vision encoder, selected patch representations are reused from cache while others are
recomputed; in the language model, the corresponding visual token positions reuse cached key–value states during
prefill. By synchronizing reuse decisions across modalities, the approach preserves visual–language alignment
while reducing redundant computation.

language model (LLM) (Vaswani, 2017; Touvron127

et al., 2023; Bai et al., 2023; Team et al., 2024). The128

vision encoder partitions the image into P patches129

and outputs patch embeddings, which are projected130

and concatenated with text tokens before being131

processed by the language model. In closed-loop132

control, consecutive frames are highly redundant;133

recomputing all patches and decoder states at every134

step wastes significant computation. Our objec-135

tive is to exploit temporal redundancy by reusing136

hidden representations across frames in both the137

vision encoder and the language model, without138

retraining.139

3.2 Cross-Modal Reuse via a Unified Mask140

We formulate dual-level reuse as a unified tem-141

poral caching strategy that couples the vision en-142

coder and the language model through a single143

unified mask. Let mt ∈ {0, 1}P denote the uni-144

fied mask at time t, where mt(p) = 1 indicates145

that patch p is reusable from the previous frame.146

The same mask is applied consistently at two lev-147

els: (i) within the vision encoder, where selected148

patches reuse cached sublayer outputs and other149

patches are recomputed; and (ii) within the lan-150

guage model, where reusable visual token posi-151

tions skip prefill recomputation and inherit cached 152

key–value states from the previous frame. This de- 153

sign enforces cross-modal consistency, preventing 154

semantic mismatch caused by independent reuse 155

decisions. Token ordering and model architecture 156

remain unchanged, enabling training-free acceler- 157

ation under standard VLA inference. We refer to 158

this mechanism as cross-modal token reuse: on the 159

vision side it is implemented as reuse of cached 160

sublayer outputs, and on the language side as reuse 161

of cached key/value states. 162

3.3 Two-Stage Patch Selection 163

We determine the unified mask using a two-stage 164

criterion that combines temporal consistency and 165

task relevance. Let π(·) denote patchification into 166

P non-overlapping patches. For each patch p, we 167

first compute a temporal consistency score between 168

It−1 and It: 169

st(p) = Sim(π(It−1)p, π(It)p) , (1) 170

where Sim is either cosine similarity in pixel space 171

or a pixel-difference metric. We mark a patch as 172

static if st(p) exceeds a similarity threshold (or 173

falls below a difference threshold), yielding a static 174
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candidate set St. The dynamic set is its comple-175

ment Dt = Sct .176

Next, we use text-to-vision attention from the177

previous step to identify task-relevant patches; task178

relevance is always computed from t − 1. Let179

at−1(p) denote the aggregated attention score from180

text tokens to patch p at time t− 1. We select the181

top-K patches,182

At−1 = TopK
(
{at−1(p)}Pp=1

)
, (2)183

and force them to be recomputed. The recompute184

set is therefore185

Ct = Dt ∪ At−1, (3)186

and the reusable set is187

Rt = Cct , mt(p) = ⊮[p ∈ Rt]. (4)188

This design ensures that only patches that are tem-189

porally stable and not task-relevant are reused; dy-190

namic or task-relevant patches are recomputed. The191

same mt is then applied consistently to both the192

vision encoder and the language model, so the two193

modules operate on aligned visual content.194

3.4 Vision-Encoder-Side Reuse195

Let H(ℓ)
t ∈ RP×dv denote the patch embeddings196

at layer ℓ of the vision encoder. We cache the197

attention and MLP sublayer outputs for each patch198

from time t− 1 and reuse them when mt(p) = 1.199

We denote the resulting representation after reuse200

as Ĥ(ℓ)
t . Formally, for each patch p:201

Ĥ
(ℓ)
t (p) =

{
Cache

(ℓ)
t−1(p), mt(p) = 1,

VE(ℓ)
(
H

(ℓ−1)
t (p)

)
, mt(p) = 0,

(5)202

where VE(ℓ)(·) denotes the standard block com-203

putation used to obtain the representation for non-204

reused patches (with reused patches treated as con-205

stants). In practice, we treat reused patch represen-206

tations as constants and only recompute the repre-207

sentations for non-reused patches, then merge them208

back into the full sequence at each Transformer209

block, caching the block outputs from the previous210

frame. We reuse the post-block patch representa-211

tions (after the residual connection), which can be212

cached and merged without altering layer normal-213

ization or token ordering. This is an approximation214

because self-attention couples tokens; we do not215

shorten the sequence or modify the attention kernel.216

Concretely, for reused patches we carry over the217

post-block representations from t−1 and treat them 218

as constants, while non-reused patches are recom- 219

puted using the full sequence that includes these 220

constant tokens. Empirically, the approximation is 221

stable under keyframe refresh while reducing the 222

dominant per-layer computation on static patches. 223

This approximation is most effective in settings 224

where inter-patch interactions are dominated by lo- 225

cal or low-frequency dynamics, as is common in 226

closed-loop robotic control with slowly changing 227

backgrounds. The full token sequence is preserved 228

and the model architecture is unchanged. 229

Operationally, the reuse decision is applied at 230

every Transformer block. For each block, we (i) 231

form the full token sequence by combining cached 232

(reused) patch representations with the recomputed 233

patch representations, (ii) run the standard block 234

computation only on the non-reused patches, and 235

(iii) write the resulting post-block representations 236

back into the cache. This yields a consistent per- 237

layer cache of post-block patch embeddings that 238

is used at the next timestep. The computational 239

savings come from skipping the linear projections 240

and MLP for reused patches while still allowing 241

non-reused patches to attend to the full sequence. 242

Direct cross-frame key–value reuse inside ViT at- 243

tention would require intrusive kernel changes and 244

careful cache management. By reusing sublayer 245

outputs instead, we keep the implementation mini- 246

mal while still skipping substantial computation on 247

static patches. To prevent error accumulation from 248

repeated reuse, we apply a keyframe refresh: every 249

K steps, all patches are recomputed and the cache 250

is fully updated. 251

3.5 LLM-Side Reuse 252

On the language-model side, we build upon exist- 253

ing token-level cache reuse mechanisms for VLA 254

inference (Xu et al., 2025), and extend them with 255

a unified, cross-modal control signal. Specifically, 256

instead of making reuse decisions solely based on 257

language-model-internal heuristics, we apply the 258

unified mask mt—constructed from visual tempo- 259

ral consistency and task relevance—to the visual 260

token positions in the decoder. This design aligns 261

language-model-side reuse decisions with those 262

made in the vision encoder, enforcing cross-modal 263

consistency across timesteps. 264

During the prefill stage, visual tokens corre- 265

sponding to reusable patches reuse their cached 266

key–value states from the previous timestep, while 267

4



the remaining tokens are recomputed:268

KVt(p) =

{
KVt−1(p), p ∈ Rt,

KVnew
t (p), p ∈ Dt,

(6)269

where KVnew
t (p) denotes the key/value states com-270

puted at time t for visual token p at the selected271

decoder layers. Unlike prior approaches that ap-272

ply reuse independently within the language model,273

the reuse setRt here is determined jointly with the274

vision encoder, ensuring that both modules operate275

on an aligned set of visual tokens.276

Operationally, we prune the visual token posi-277

tions inRt at selected decoder layers so that these278

positions skip prefill recomputation and directly in-279

herit cached K/V states from the previous timestep.280

Dynamic or task-relevant visual tokens remain in281

the prefill sequence and update the cache as usual.282

Pruning can be applied at a fixed subset of decoder283

layers (e.g., every r layers), and the reuse ratio may284

be modulated by attention entropy; we find our285

method to be insensitive to the exact choice of r286

within a reasonable range.287

The reuse mask is applied only to visual token288

positions; text tokens are always recomputed. To-289

ken order and sequence layout are preserved, en-290

abling a drop-in implementation compatible with291

standard autoregressive decoding. Cache updates292

are performed only for recomputed positions, while293

reused positions retain their cached states from the294

previous timestep.295

By driving language-model-side reuse with the296

same unified mask used in the vision encoder, CTR297

elevates cache reuse from a modality-local opti-298

mization (Xu et al., 2025) to a coordinated cross-299

modal mechanism. This synchronization is critical300

for preserving visual–language alignment across301

timesteps and plays a key role in the stability and302

efficiency gains observed in our experiments.303

4 Theoretical Analysis304

We provide a detailed complexity analysis to char-305

acterize the scaling behavior of coordinated cross-306

modal token reuse. The analysis is intended to307

illustrate relative computational savings rather than308

exact wall-clock runtime.309

Let p denote the number of visual patches, Lt310

the number of text tokens, and Lv = p the number311

of visual tokens. Let Dv,Mv (Dl,Ml) denote the312

hidden size and MLP width of the vision encoder313

(language model), respectively.314

Algorithm 1 Coordinated Token Reuse with a Uni-
fied Mask

Input: current frame It, previous frame It−1,
previous attention At−1, caches CVE

t−1, CLLM
t−1

Output: action at, updated caches CVE
t , CLLM

t

if IsKeyframe(t) then
mt ← 0 {disable reuse}
Vt ← VisionEncoder(It)

else
St ← StaticSelect(It−1, It) {temporal consis-
tency}
Dt ← Sct {dynamic patches}
At−1 ← TopKAttn(At−1) {task relevance}
Ct ← Dt ∪ At−1 {recompute set}
Rt ← Cct ; build unified mask mt

Vt ← VisionEncoder(It) {reuse or recom-
pute per mt}
for each patch p do

if mt(i) = 1 then
reuse vision-encoder cache for patch p
from CVE

t−1

end if
end for

end if
apply LLM prefill pruning using Rt; reuse
cached K/V from CLLM

t−1

at ← LLM(Project(Vt))
update CVE

t and CLLM
t with recomputed tokens

Selection overhead. Temporal consistency 315

checking compares patch appearance between It−1 316

and It. With patch size ps and image resolution 317

H × H , the number of patches is p = (H/ps)
2, 318

yielding 319

Cstatic = O(pp2s) = O(H2). (7) 320

Task relevance estimation aggregates text-to-vision 321

attention, with cost 322

Cattn = O(LtLvDl). (8) 323

Both costs scale linearly with token count and are 324

negligible compared to Transformer attention. 325

Vision-encoder-side savings. A standard Trans- 326

former block in the vision encoder incurs 327

CVE(p) ≈ 4pD2
v + 2p2Dv + 2pDvMv, (9) 328

where the quadratic term arises from self-attention. 329

Our implementation preserves the full sequence 330

length, so we do not claim a strict p2→(1−ρv)
2p2 331
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reduction. Instead, reused patches bypass the dom-332

inant linear projections and MLP computations,333

while attention is still evaluated over the full token334

set. With reuse ratio ρv, a conservative per-layer335

savings estimate is336

∆CVE ≈ 4(ρvp)D
2
v + 2(ρvp)DvMv, (10)337

reflecting the skipped projection and MLP costs338

for static patches. We do not include the quadratic339

attention score term in this lower-bound estimate,340

since it is still computed over the full sequence341

in our implementation. This asymmetry arises be-342

cause visual-token reuse preserves the full atten-343

tion graph in the vision encoder, whereas LLM-344

side pruning directly reduces the effective sequence345

length during prefill. This estimate aligns with the346

implementation and provides a lower bound on347

practical savings.348

Language-model-side savings. The language349

model processes L = Lt + Lv tokens during the350

prefill stage. With reuse ratio ρl, the recomputed351

sequence length becomes L′ = Lt + (1 − ρl)Lv.352

Using the standard Transformer cost353

CLLM(L) ≈ 4LD2
l + 2L2Dl + 2LDlMl, (11)354

the saved computation per layer is355

∆CLLM = 4(ρlLv)D
2
l + 2

(
L2 − (L′)2

)
Dl

+ 2(ρlLv)DlMl.
(12)356

The quadratic term can be equivalently written as357

2(L+ L′)(L− L′)Dl.358

Total savings. Summing across layers and sub-359

tracting selection overhead yields360

∆Ctotal =
∑
ℓ

(
∆C

(ℓ)
VE+∆C

(ℓ)
LLM

)
−(Cstatic+Cattn).

(13)361

Because the dominant term in ∆CLLM (the atten-362

tion score computation) scales quadratically with363

sequence length, moderate reuse ratios can yield364

substantial end-to-end reductions, while the selec-365

tion overhead remains linear.366

5 Experiments367

We evaluate coordinated cross-modal token reuse368

(CTR) from three perspectives: (i) task perfor-369

mance across manipulation benchmarks, (ii) end-370

to-end inference efficiency, and (iii) the individ-371

ual and combined contributions of vision-side and372

language-side reuse. Our evaluation spans multiple373

VLA backbones and environments, and we report374

both success rates and efficiency metrics.375

5.1 Experimental Setup 376

Models. We evaluate CTR on two representative 377

VLA architectures: OpenVLA and OpenVLA-OFT. 378

OpenVLA is a standard open-source VLA model 379

with a ViT-based vision encoder and an autore- 380

gressive language model, while OpenVLA-OFT is 381

a higher-performing variant with additional fine- 382

tuning. CTR is applied in a strictly training-free 383

manner to both models, without modifying model 384

weights. 385

Benchmarks. We evaluate CTR on two simu- 386

lation benchmarks that cover diverse manipula- 387

tion skills and temporal horizons. Our primary 388

benchmark is LIBERO, where we report results 389

on all four suites (Spatial, Object, Goal, and 390

Long-horizon), spanning precise spatial placement, 391

single-object interaction, goal-conditioned multi- 392

step manipulation, and long-horizon sequential 393

tasks. Unless otherwise specified, each suite con- 394

tains 10 tasks and we evaluate 20 episodes per task 395

(200 episodes per suite). To assess generalization 396

beyond LIBERO without additional tuning, we fur- 397

ther evaluate on SimplerEnv, which provides table- 398

top manipulation scenarios with different object 399

layouts and visual statistics; we report three repre- 400

sentative tasks (Move Near Object, Pick Coke Can, 401

and Drawer) with hundreds of evaluation episodes 402

per task (240/300/216, respectively). 403

Metrics. We report task success rate (percent- 404

age of successful episodes) as the primary perfor- 405

mance metric. Inference efficiency is measured 406

using model-only CUDA latency (milliseconds per 407

control step) and total TFLOPs, computed as the 408

sum of the vision encoder and language model 409

costs. All efficiency measurements are obtained 410

from the same evaluation runs as success rates and 411

exclude environment/actuation overhead. 412

Implementation Details. Unless otherwise spec- 413

ified, CTR uses grayscale difference for tempo- 414

ral consistency checking with threshold 0.004, 415

attention-based top-K selection with K = 160, 416

and a fixed keyframe interval of K = 5, 417

which yields a moderate reuse ratio in practice. 418

SimplerEnv uses the same hyperparameters as 419

LIBERO. All experiments are conducted under the 420

same evaluation protocol and hardware configura- 421

tion to ensure fair comparison. 422
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Model / Setting Spatial Object

Succ. ∆Succ(%) Lat.(ms) ∆Lat(%) TFLOPs ∆TF(%) Succ. ∆Succ(%) Lat.(ms) ∆Lat(%) TFLOPs ∆TF(%)

OpenVLA 0.745 – 57.588 – 2.070 – 0.665 – 57.277 – 2.045 –
OpenVLA + CTR 0.760 +2.0 55.172 -4.2 1.664 -19.6 0.710 +6.8 54.887 -4.2 1.657 -18.9
OpenVLA-OFT 0.950 – 87.248 – 4.499 – 0.980 – 87.693 – 4.466 –
OpenVLA-OFT + CTR 0.960 +1.1 85.895 -1.6 3.949 -12.2 0.980 +0.0 85.512 -2.5 3.915 -12.3

Model / Setting Goal Long

Succ. ∆Succ(%) Lat.(ms) ∆Lat(%) TFLOPs ∆TF(%) Succ. ∆Succ(%) Lat.(ms) ∆Lat(%) TFLOPs ∆TF(%)

OpenVLA 0.725 – 59.260 – 2.023 – 0.465 – 67.118 – 2.061 –
OpenVLA + CTR 0.795 +9.7 54.604 -7.9 1.634 -19.2 0.480 +3.2 54.813 -18.3 1.675 -18.7
OpenVLA-OFT 0.965 – 87.693 – 4.444 – 0.945 – 86.455 – 4.487 –
OpenVLA-OFT + CTR 0.970 +0.5 83.815 -4.4 3.858 -13.2 0.950 +0.5 83.533 -3.4 3.847 -14.3

Table 1: Main results on LIBERO suites with per-task success rate and end-to-end efficiency. Latency is reported
in ms and TFLOPs in trillions of FLOPs per step; totals are computed as the sum of the vision encoder and LLM
measurements per task. ∆ values are relative to the corresponding baseline for each model.

Setting Move Near Pick Coke Drawer Average

OpenVLA 49.6 17.3 32.4 33.1
OpenVLA + CTR 51.3 19.0 33.3 34.5

Table 2: SimplerEnv results (success rate, %) using
the OpenVLA base checkpoint without task-specific
fine-tuning. CTR uses the same hyperparameters as in
LIBERO.

5.2 Results423

5.2.1 Main Results on LIBERO424

Table 1 presents the main results on the LIBERO425

benchmark. Across all four task suites, CTR im-426

proves inference efficiency while maintaining or427

improving task success rates.428

Overall Performance Trends. On the OpenVLA429

backbone, CTR improves success rates across Spa-430

tial, Object, and Goal tasks, with the largest gain ob-431

served on the Goal suite (+9.7%). These gains are432

achieved while reducing total TFLOPs by approx-433

imately 18–20% and lowering end-to-end latency434

by up to 18.3%. This indicates that coordinated435

reuse can accelerate inference and improve policy436

stability in closed-loop control.437

On OpenVLA-OFT, CTR preserves the already438

high success rates while still delivering efficiency439

gains (12–14% TFLOPs reduction). The smaller440

improvements are expected given the strong base-441

line. Importantly, CTR does not degrade perfor-442

mance in this regime.443

Long-Horizon Tasks. Long-horizon tasks ben-444

efit particularly from CTR. On OpenVLA, CTR445

improves success rate from 0.465 to 0.480 while446

reducing latency by 18.3%. This suggests that co-447

ordinated cross-modal reuse stabilizes inference448

across consecutive frames, which is especially help-449

ful when errors can accumulate over long action 450

sequences. 451

Efficiency-Accuracy Trade-off. Across all 452

suites, CTR achieves efficiency gains without a 453

clear accuracy–efficiency trade-off in the reported 454

results. In several cases (e.g., Goal and Object 455

tasks), success rates improve alongside reduced 456

computation, indicating that suppressing redundant 457

visual updates can reduce noise and improve 458

temporal consistency. 459

5.2.2 Cross-Environment Evaluation on 460

SimplerEnv 461

To evaluate generalization beyond the LIBERO 462

benchmark, we report results on SimplerEnv in 463

Table 2. All experiments use the OpenVLA base 464

checkpoint without task-specific fine-tuning, and 465

CTR parameters are kept identical to those used on 466

LIBERO. 467

CTR consistently improves success rates across 468

all three tasks, yielding an average improvement 469

of 1.4 percentage points. The largest relative gain 470

is observed on the Pick Coke task, which involves 471

precise grasping under varying object poses. These 472

results demonstrate that CTR generalizes across 473

environments with different visual statistics and 474

task structures, without requiring parameter tuning 475

or retraining. 476

The consistent gains on SimplerEnv suggest that 477

CTR captures a general property of robotic ma- 478

nipulation: most visual regions remain temporally 479

stable, and coordinated reuse of such regions im- 480

proves robustness across environments. 481
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LLMCache, VECache Spatial Object

Succ. VE Lat. (ms) VE TFLOPs LLM Lat. (ms) LLM TFLOPs Succ. VE Lat. (ms) VE TFLOPs LLM Lat. (ms) LLM TFLOPs

(✗, ✗) 0.745 12.48 0.090 32.62 1.888 0.665 12.38 0.093 32.50 1.857
(✓, ✗) 0.750 12.51 0.091 31.50 1.475 0.705 12.42 0.094 31.42 1.468
(✗, ✓) 0.750 11.76 0.094 32.69 1.888 0.685 11.63 0.095 32.40 1.857
(✓, ✓) 0.760 11.90 0.092 31.36 1.480 0.710 11.77 0.093 31.32 1.470

LLMCache, VECache Goal Long

Succ. VE Lat. (ms) VE TFLOPs LLM Lat. (ms) LLM TFLOPs Succ. VE Lat. (ms) VE TFLOPs LLM Lat. (ms) LLM TFLOPs

(✗, ✗) 0.725 13.43 0.094 32.40 1.834 0.465 17.32 0.091 32.47 1.878
(✓, ✗) 0.780 13.33 0.094 31.21 1.440 0.470 17.35 0.091 31.29 1.482
(✗, ✓) 0.755 11.98 0.095 32.27 1.834 0.465 11.67 0.095 32.55 1.878
(✓, ✓) 0.795 11.76 0.093 31.06 1.447 0.480 11.73 0.093 31.35 1.488

Table 3: Switch ablation on OpenVLA. We independently enable or disable LLM-side cache reuse and VE-side
reuse, and report per-task success rate, VE/LLM latency (ms), and TFLOPs. Latency is measured with CUDA
events and averaged after warmup.

Mask Variant Spatial Object Goal Long Avg.

CTR (ours) 76.0 71.0 79.5 48.0 68.6
LLM mask high 73.5 66.5 74.5 39.0 63.4
LLM mask low 73.5 70.0 73.0 40.0 64.1
VE mask high 72.5 70.0 73.0 39.5 63.8
VE mask low 74.0 70.0 79.0 40.0 65.8

Table 4: Mask-consistency ablation on OpenVLA (suc-
cess rate, %). We perturb the similarity threshold on
only one side (LLM or VE) while keeping the other
side fixed. CTR with a consistent mask performs best
overall.

5.2.3 Switch Ablation: Vision-Side vs.482

LLM-Side Reuse483

To isolate the contributions of vision-encoder-side484

reuse and language-model-side reuse, we conduct485

a switch ablation study on OpenVLA, reported in486

Table 3. We independently enable or disable reuse487

in the vision encoder (ViT) and the language model488

(VLA cache), resulting in four configurations.489

Independent Effects. Enabling reuse only on490

the language-model side reduces LLM latency and491

TFLOPs while slightly improving success rates,492

confirming prior findings that reusing cached key–493

value states is effective for VLA inference. En-494

abling reuse only on the vision side reduces ViT495

latency and TFLOPs and yields moderate perfor-496

mance gains, indicating that reusing static visual497

patches does not harm—and can even help—policy498

execution.499

Coordinated Reuse. The full CTR configura-500

tion, where both reuse mechanisms are enabled and501

driven by a unified mask, consistently outperforms502

either single-sided variant. This indicates that co-503

ordinating reuse across modalities helps preserve504

visual–language alignment.505

Complementarity. The ablation results highlight 506

the complementary nature of vision-side and LLM- 507

side reuse. Vision-side reuse primarily reduces 508

early-stage visual computation, while LLM-side 509

reuse skips recomputation for reusable positions 510

at selected layers, reducing prefill compute. CTR 511

combines these benefits while maintaining consis- 512

tent token semantics across modalities. 513

5.2.4 Mask Consistency Ablation 514

Table 4 reports success rates when the reuse mask 515

is perturbed on only one side of the model. Com- 516

pared to the consistent-mask baseline (OpenVLA + 517

CTR), all mismatched variants reduce average suc- 518

cess rate by 2.8–5.2 points, with the largest drops 519

on the Long-horizon suite. This indicates that mask 520

agreement across vision and language modules is 521

beneficial for stable performance, and supports us- 522

ing the unified mask as the default configuration. 523

6 Conclusion 524

We presented CTR, a training-free approach for 525

efficient and accurate inference in vision–language– 526

action (VLA) models based on coordinated cross- 527

modal token reuse. CTR employs a unified mask 528

to synchronize reuse decisions across the vision en- 529

coder and the language model, selectively reusing 530

static and task-irrelevant visual tokens while recom- 531

puting dynamic or critical regions. Experiments 532

across multiple manipulation benchmarks and VLA 533

backbones show that CTR reduces inference cost 534

while maintaining or improving task success rates, 535

highlighting cross-modal coordination as an effec- 536

tive way to exploit temporal redundancy in VLA 537

inference. 538
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Limitations539

While CTR achieves consistent reductions in com-540

putation, the corresponding end-to-end latency im-541

provement is smaller than the TFLOPs reduction,542

mainly due to engineering factors such as kernel543

launch overhead, memory access patterns, and lim-544

ited overlap between computation and data move-545

ment; as a result, theoretical compute savings are546

not always fully reflected in wall-clock latency,547

especially at smaller batch sizes. In addition, al-548

though CTR reuses visual representations across549

frames, it does not transform the vision encoder550

into a shorter-sequence model: self-attention in the551

ViT is still computed over the full P ×P token grid552

rather than a reduced sequence. This design choice553

keeps the method training-free and minimally inva-554

sive, but also limits the maximum speedup achiev-555

able compared to approaches that explicitly shorten556

the attention sequence.557
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A Appendix679

A.1 Experimental Environment680

All experiments are conducted under a unified hard-681

ware and software configuration to ensure fair com-682

parison across methods and benchmarks. Unless683

otherwise stated, the evaluation environment is as684

follows.685

• GPU: NVIDIA RTX 5880 Ada GPU with686

48 GB memory.687

• CPU: Dual-socket AMD EPYC 9654 proces-688

sors (96 cores per socket, 192 cores total, 384689

threads).690

• CUDA / Driver: CUDA 13.0 with NVIDIA691

driver version 580.65.06.692

All latency measurements are obtained using693

CUDA events and exclude environment simulation694

and robot actuation overhead.695

A.2 Vision Encoder Configuration696

Unless otherwise specified, the visual observation697

at each timestep is resized to 224 × 224 and pro-698

cessed by a ViT-based vision encoder. Images are699

partitioned into non-overlapping patches of size700

14× 14, resulting in701

P = (224/14)2 = 256702

visual patches per frame. We evaluate two widely703

used vision backbones in OpenVLA-style models:704

DINOv2 and SigLIP. These configurations are kept705

identical across baselines and CTR-enabled vari-706

ants to isolate the effect of coordinated token reuse.707

A.3 Benchmarks708

We evaluate CTR on two complementary simula-709

tion benchmarks that cover a wide spectrum of710

manipulation behaviors.711

LIBERO is used as the primary benchmark and712

includes four task suites: Spatial (precise object713

placement and spatial reasoning), Object (single-714

object manipulation with diverse geometries), Goal715

(goal-conditioned, multi-step manipulation), and716

Long (long-horizon tasks requiring temporal con-717

sistency). For LIBERO experiments, we use the of-718

ficial OpenVLA-7B checkpoint that has been fine-719

tuned on the corresponding LIBERO task suites.720

To assess generalization beyond LIBERO, we721

additionally evaluate on SimplerEnv, a tabletop722

manipulation benchmark with different object lay- 723

outs and visual statistics. We report results on three 724

representative tasks: Move Near Object, Pick Coke 725

Can, and Drawer Operations. For SimplerEnv, we 726

use the original OpenVLA-7B checkpoint without 727

any task-specific fine-tuning. All CTR hyperparam- 728

eters are kept identical to those used in LIBERO 729

experiments. 730

A.4 Model Variants and Checkpoints 731

We evaluate two VLA backbones: OpenVLA and 732

OpenVLA-OFT. All experiments use officially re- 733

leased OpenVLA-7B checkpoints. CTR is ap- 734

plied strictly at inference time and does not modify 735

model weights, training data, or optimization proce- 736

dures. Both the baseline and CTR-enabled models 737

share identical architectures and token layouts. 738

A.5 Qualitative Visualization of an Inference 739

Trajectory 740

Figure 3 visualizes a complete closed-loop VLA 741

inference trajectory from a single manipulation 742

episode. The figure highlights that most vi- 743

sual regions remain unchanged across consecutive 744

timesteps, which motivates exploiting temporal re- 745

dundancy via token reuse. 746
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Figure 3: A complete closed-loop VLA inference trajectory from a single manipulation episode. Consecutive frames
exhibit strong temporal redundancy, with only localized regions changing over time.
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