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Abstract001

Vision-Language Models (VLMs) are increas-002
ingly vital for robust decision-making in au-003
tonomous driving, yet their deep reasoning cre-004
ates a critical latency bottleneck, making them005
impractical for real-world deployment. Cur-006
rent approaches accelerate inference by prun-007
ing input data, but they overlook the primary008
source of inefficiency: the constant, waste-009
ful re-computation of reasoning that remains010
valid across consecutive frames. We intro-011
duce MEMO-VLM, a memory-driven frame-012
work inspired by human cognition that elimi-013
nates this redundant reasoning. Instead of re-014
generating its entire reasoning, MEMO-VLM015
treats previous conclusions as a hypothesis to016
be validated against new visual evidence, in-017
telligently reusing what remains true and sur-018
gically updating only what has changed. This019
is achieved with a plug-and-play, two-stage ap-020
proach that requires no VLM retraining, mak-021
ing it a broadly applicable solution. Experi-022
ments demonstrate that MEMO-VLM accel-023
erates inference by up to 4.3×. By bridging024
bio-inspired memory with computational effi-025
ciency, our work offers a practical path to de-026
ploying the advanced reasoning of VLMs in027
safety-critical autonomous systems.028

1 Introduction029

Autonomous driving has emerged as a transfor-030

mative technology, promising safer and more ef-031

ficient transportation(Hu et al., 2023; Ye et al.,032

2022). Modern approaches often adopt an end-033

to-end (E2E) solution that directly maps raw sen-034

sor inputs to driving actions, integrating percep-035

tion, decision-making, and control into a unified036

model(Chen et al., 2024c; Hu et al., 2023; Jiang037

et al., 2023; Sun et al., 2024). Vision-Language038

Models (VLMs) excel at understanding complex039

or uncommon driving scenarios through reasoning040

by combining visual perception with contextual041

knowledge(Chen et al., 2024b; Sima et al., 2024;042

Xu et al., 2024; Wang et al., 2024b).043
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straight, as the car is already on the 
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Figure 1: Partial inference accelerates temporal rea-
soning by reusing prior reasoning outputs (gray) and
skipping redundant decodes, avoiding the high cost of
standard inference.

Yet, their model inference time, often exceeding 044

seconds per frame, makes them impractical for dy- 045

namic environments. Current acceleration methods 046

mainly focus on spatial(Zhang et al., 2024b; Rao 047

et al., 2021; Chen et al., 2023; Yang et al., 2024) or 048

temporal(Vasu et al., 2024; Xu et al., 2025; Dutson 049

et al., 2023; Chen et al., 2024e) redundancies in 050

the input (e.g., pruning image tokens or skipping 051

frames based on pixel similarity). While useful, 052

these approaches overlook a more critical bottle- 053

neck: the reasoning processes itself. Recomput- 054

ing reasoning outputs for near-identical consecu- 055

tive frames wastes resources, a process akin to re- 056

reading an unchanging paragraph. This is not how 057

humans operate. We instinctively retain a stable 058

context of a scene and update only what changes. 059

Inspired by this cognitive efficiency, we propose 060

MEMO-VLM, a framework that accelerates VLM 061

inference by reusing valid reasoning across frames. 062

Our key insight is that the most significant tempo- 063

ral redundancy lies not in input pixels, but in the 064

semantic reasoning output. 065

MEMO-VLM is built on a simple yet power- 066

ful approach: it treats a model’s previous reason- 067

ing output not as a one-time calculation, but as 068

a hypothesis to be challenged by new visual evi- 069
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dence. At the heart of our work is the insight that a070

VLM’s innate ability to predict next tokens can be071

repurposed to evaluate the consistency between a072

new visual frame and a cached textual description.073

By looking into the model’s confidence in its own074

prior conclusions, MEMO-VLM dynamically de-075

termines which parts of its reasoning remain valid076

and which require re-evaluation. This strategy al-077

lows the system to maintain a stable understanding078

of scenes and surgically update only the portions079

that have changed, effectively bypassing redundant080

computational steps.081

We validated this approach through extensive ex-082

periments on two autonomous driving benchmarks,083

across two hardware platforms, and with six state-084

of-the-art VLMs. To prove its readiness for real085

road conditions, we deployed our system in a Baidu086

Apollo 2.0 autonomous vehicle for two weeks of087

continuous operation in live urban traffic. Our088

method running in a shadow mode demonstrated089

it could make real-time, human-comparable driv-090

ing decisions in complex scenarios, from sudden091

pedestrian appearances to interactions with oncom-092

ing traffic. Our framework achieves a substantial093

inference speed up of up to 4.3× with near-zero094

accuracy loss of critical meta-actions. Moreover,095

our training-free solution bridges the critical gap096

between bio-inspired memory concepts and compu-097

tational efficiency, offering a practical path toward098

deploying more human-like reasoning in real-time099

autonomous systems.100

2 Related Work101

2.1 VLMs for Autonomous Driving102

The integration of Vision-Language Models103

(VLMs) is rapidly becoming a cornerstone of mod-104

ern autonomous driving systems, enhancing their105

ability to reason about complex and rare scenar-106

ios(Xu et al., 2024). A significant body of re-107

search(Wen et al., 2023; Zheng et al., 2024; Wang108

et al., 2023, 2024b; Jiang et al., 2024; Feng et al.,109

2025) leverages VLMs for high-level decision-110

making, where the model interprets visual data111

and generates an interpretable plan or meta-action.112

Other works have explored hybrid frameworks that113

combine the semantic reasoning of VLMs with114

the precision of traditional controllers(Long et al.,115

2024; Chen et al., 2024d; Tian et al., 2024; Zhang116

et al., 2025) or distill VLM knowledge into more117

compact planning modules(Zhou et al., 2025b).118

While these approaches have pushed the bound-119

aries of scene understanding and interpretability, 120

the substantial computational cost and high latency 121

of their reasoning processes remain a critical bar- 122

rier to real-world deployment. 123

2.2 Efficiency in Vision-Language Models 124

Efforts to accelerate VLM inference have predom- 125

inantly focused on exploiting redundancy in the 126

input data, which can be broadly categorized into 127

spatial and temporal approaches. One line of work 128

targets spatial redundancy within a single image 129

frame. These methods typically prune(Rao et al., 130

2021; Chen et al., 2023; Zhang et al., 2024a; Chen 131

et al., 2024a; Guo et al., 2025) or merge(Bolya 132

et al., 2022; Huang et al., 2025; Zhang et al., 133

2024b; Zhou et al., 2025a) visually repetitive or 134

task-irrelevant tokens to reduce the computational 135

load on the transformer backbone. Techniques 136

range from using lightweight predictors to hier- 137

archically prune tokens , leveraging cross-attention 138

to identify and discard redundant information , to 139

merging tokens based on feature or spatial similar- 140

ity. While effective at compressing the visual input, 141

these methods do not address the computational 142

bottleneck of generating the textual reasoning out- 143

put itself. Another line of work addresses temporal 144

redundancy in sequential data like video(Li et al., 145

2021). These approaches typically reuse computa- 146

tions for static background regions(Dutson et al., 147

2023; Vasu et al., 2024) or cache visual tokens from 148

unchanged areas of the scene across consecutive 149

frames(Sun et al., 2025). Some methods extend 150

this to the action space in robotics, reusing token- 151

aware actions when visual input is stable(Xu et al., 152

2025; Tan et al., 2025; Qian et al., 2025). 153

3 Background and Motivation 154

While VLMs offer sophisticated reasoning for au- 155

tonomous driving, their autoregressive nature cre- 156

ates a crippling latency bottleneck. On a typical 157

in-vehicle platform like the NVIDIA AGX Orin, 158

processing a single frame can take over 5.5 sec- 159

onds, shown in Fig. 2, rendering them unsafe for 160

real-time deployment. Our work is motivated by 161

the source of this inefficiency: massive redundancy 162

in the reasoning process itself. Our analysis on 163

the NuScenes dataset reveals that up to 78.6% of 164

reasoning tokens, shown in Fig. 3, are identical 165

across consecutive frames. This waste is not lim- 166

ited to general-purpose models. Even a state-of-the- 167

art VLM like Senna(Jiang et al., 2024), fine-tuned 168
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specifically to excel at autonomous driving, still169

regenerates 52.1% of its reasoning unnecessarily.170

Current systems waste the majority of their com-171

putation regenerating known information. Inspired172

by cognition efficiency, we aim to replace stateless173

regeneration with a stateful update model, directly174

exploiting this semantic redundancy to achieve real-175

time performance.176

4 Method177

Our framework introduces a training-free, output-178

driven reuse strategy that exploits semantic redun-179

dancy in the model’s own reasoning. Instead of180

pruning input data or shallow features, we treat181

model’s previous chain-of-thought as a hypothesis182

to be validated against new visual evidence. Our183

method dynamically preserves stable context and184

updates only parts of reasoning that have changed,185

directly bypassing redundant computation.186

4.1 Temporal Reasoning Formulation187

At each time step t, the system observes a visual in-188

put It ∈ I and must produce a meta-action At ∈ A,189

high-level driving decisions such as turning or slow-190

ing down. VLMs achieve this by first generating an191

internal belief state (including traffic conditions,192

object behaviors, etc.) ξt ∈ Ξ, which serves as an193

explicit reasoning for the subsequent action.194

The core of our method is to exploit temporal195

redundancy by generating ξt from a dynamic mem-196

ory,Mt, which preserves the stable portion of the197

prior belief state ξt−1. This is formalized as a three-198

stage generative process governed by a policy πθ:199

Mt = U(It, ξt−1), ξt ∼ πθ(·|It,Mt),

At ∼ πθ(·|It, ξt)
(1)200

The memory update operator, U , identifies the max-201

imal valid prefix of ξt−1 given the new observa-202

tion It. It computes a “divergence point” k—the203

first token index at which the cached reasoning no204

longer aligns with the current reality—and defines 205

the memory as the prefix ξ<k
t−1. 206

k := min{j ∈ [1, |ξt−1|] | Φ(ξjt−1|It, ξ
<j
t−1) < τj}

(2) 207

Here, Φ is a semantic consistency scoring function, 208

and τj is a validity threshold. This approach is 209

motivated by the temporal sparsity hypothesis: 210

in continuous driving scenarios, the belief state ξt 211

evolves sparsely. Our framework leverages this by 212

reusing the computationally expensive, stable pre- 213

fixMt and regenerating only the divergent suffix, 214

thus minimizing redundant computation. 215

4.2 Coarse-to-Fine Memory Reuse 216

Our framework employs a two-stage validation pro- 217

cess to efficiently determine the reusable portion of 218

prior belief state, ξt−1. This cascade is designed to 219

first perform a fast, holistic check and only proceed 220

to a more granular analysis if necessary. 221

Global Semantic Validation. The initial stage is a 222

global test for semantic consistency. We evaluate 223

whether the entire prior belief state ξt−1 remains 224

valid under the new visual observation It. This 225

is framed as a hypothesis test where the null hy- 226

pothesis is that the semantic content of the scene 227

has not diverged significantly. To perform this 228

test, we compute the probability of every token 229

of the cached belief state ξt−1 = (ω1, . . . , ωL) 230

when conditioned on the new image It. This 231

is calculated during a single forward pass (i.e., 232

the prefill stage) without any token generation: 233

P (ωj |It) = P (ωj |It, ω<j). 234

The core principle is that the model’s own pre- 235

dictive distribution, P (·|It, ·), acts as an intrinsic 236

semantic consistency function. A high probability 237

indicates that ξt−1 is a plausible description of the 238

scene depicted by It. We accept ξt−1 in its entirety 239

if the probability of every token ωi in ξt−1 exceeds 240

a calibrated per token threshold τ ′ωi,t: 241

Accept if
L∧
i=1

P (ωi|It, ω<i) > τ ′ωi,t (3) 242

If this condition holds, we bypass the fine-grained 243

check and the generation process entirely, achiev- 244

ing maximal computational savings. This approach 245

elegantly repurposes the model’s internal represen- 246

tations for self-validation without any external or 247

auxiliary validation networks. 248

Hierarchical and Adaptive Threshold Calibra- 249

tion. To be robust, a validity threshold must ac- 250

count for both global domain shifts and local token 251
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importance. We achieve this with a hierarchical cal-252

ibration strategy that defines a dynamic, per-token253

threshold τ ′s,t.254

1. Dynamic Global Base Threshold (τt). It pro-255

vides initial stability and adapts to long-term envi-256

ronmental changes.257

• Offline Initialization: The initial threshold258

τ0 is set to the minimum token probability259

for all valid reasoning outputs from the en-260

tire NuScenes dataset. For each token si261

in the output Rt, we record its probability262

P (si|It, R<i). The threshold τ0 is defined as:263

τ0 = min
t∈F

min
i

P (si|It, R<i
t ) (4)264

where F is the set of frames.265

• Online Adaptation: The threshold adapts266

conservatively over time. This update is trig-267

gered only during a memory refresh event268

which will be discussed in Section 4.4, using269

the lowest probability lmin,t from the newly re-270

generated sequence: τt+1 ← min(τt, lmin,t).271

2. Attention-Aware Local Scaling. This static272

component adjusts the base threshold based on a to-273

ken’s semantic role. Our analysis of the NuScenes274

dataset reveals that tokens corresponding to criti-275

cal entities (e.g., “car”, “pedestrian”) receive 3–5×276

higher attention than less informative tokens. To277

compute this, we first consider the standard scaled 278

dot-product attention weights. For each layer ℓ and 279

head h, the weight from a language token s to an 280

image token j is: 281

wℓ,h
s→j = softmax

(Q(ℓ,h)
s K

(ℓ,h)T
j√

dk

)
(5) 282

The image-focus score t̄s is the average of these 283

weights over all L layers, H heads, and all image 284

tokens: 285

t̄s =
1

LH

L∑
ℓ=1

H∑
h=1

∑
j∈I

wℓ,h
s→j (6) 286

where I indexes the image tokens. This ratio t̄s 287

therefore directly measures how much attention 288

token s places on image tokens. Over an offline 289

“representative scene” token set S , we compute the 290

global calibration constant: 291

Ā =
1

|S|
∑
s∈S

t̄s (7) 292

The final, operational threshold for a token s 293

at time t combines the dynamic global base with 294

the static, attention-based scaling factor. This en- 295

sures that semantically critical tokens, which have 296

a higher image-focus, face a proportionally stricter 297

validity check: τ ′s,t = τt · t̄sĀ . 298
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Fine-Grained Token Validation. If the global299

check fails, we examine the memory at a finer gran-300

ularity. Rather than discarding the entire memory,301

we prune only parts that no longer fit the current302

scene. We find the first token whose predicted303

probability falls below τt and truncate at that point,304

removing that token and everything after it in that305

segment. This “divergence point” tw marks where306

the cached reasoning becomes outdated:307

k = arg min
i∈{1,...,L}

{
i | P (ωi|It, ξ<i

t−1) ≤ τ ′ωi,t

}
(8)308

For example, if Rt−1 contained “A pedestrian309

is waiting at the crosswalk,” and “waiting” now310

has low probability (perhaps the pedestrian started311

moving), we truncate to “A pedestrian is...”. This312

preserves what’s still valid while removing out-313

dated information. By avoiding recomputation314

of unchanged descriptions, we reduce the trans-315

former’s decoding computation from O(T 2) to316

roughly O((1 − α)T 2), where α is the fraction317

of tokens pruned.318

4.3 Memory-Driven Autoregressive319

Generation320

Once the validation process identifies the diver-321

gence point k, and thus the valid memory pre-322

fix Mt = ξ<k
t−1, the system begins an efficient,323

memory-driven generation process to produce the324

new belief state ξt. It leverages the KV cache mech-325

anism intrinsic to the Transformer architecture.326

Prefill with Memory Context. Instead of start-327

ing from an empty context, the inference process328

is initialized with a prefill step that computes the329

Key-Value (KV) cache for the combined input of330

the current image It and the valid memory prefix331

Mt. This single, parallel forward pass produces332

the prefix KV cache:333

(Kprefix, Vprefix) = ComputeKV(It,Mt) (9)334

where Kprefix, Vprefix ∈ RL×H×(|It|+k)×dk , with335

L,H, dk being the number of layers, heads, and336

key dimension, respectively. This step encodes the337

entire stable context.338

Suffix Generation via Cross-Attention. The339

model generates the remainder of the belief state,340

the suffix ξ≥k
t , autoregressively. At each decod-341

ing step j > k, the model computes the attention342

context vector cj for each head by attending to the343

concatenation of stable prefix cache and the KV en-344

tries from the newly generated suffix tokens (ξ<j
t ): 345

cj = Attention(Qj , [Kprefix;Ksuffix,<j ],

[Vprefix;Vsuffix,<j ])
(10) 346

Here, [·; ·] denotes concatenation along the se- 347

quence dimension. This mechanism ensures that 348

the generation of new tokens is fully conditioned on 349

both the fresh visual information and the preserved 350

reasoning from the past, maintaining spatiotempo- 351

ral continuity. The next token ωj is then sampled 352

from the distribution produced by the model’s out- 353

put layer: ωj ∼ πθ(·|cj). This process continues 354

until an end-of-sequence token is generated. This 355

approach significantly reduces decoding latency, 356

as the number of sequential generation steps is re- 357

duced from |ξt| to |ξt| − k. 358

Final Belief State Update. Once the suffix genera- 359

tion is complete, the final belief state ξt is formed 360

by concatenating the reused memory prefix and 361

the newly generated suffix. This complete state ξt 362

becomes the input for the action prediction At and 363

serves as the candidate belief state, ξt, for the next 364

time step, thus completing the inference cycle. 365

4.4 Robustness via Bounded Error 366

Propagation 367

While a single probability drop leads to memory 368

truncation, such an event might be an isolated 369

anomaly rather than a systemic failure. To distin- 370

guish between transient noise and actual semantic 371

divergence, we introduce a parameter-free refresh 372

strategy based on token correlation. 373

The theoretical basis of this strategy is that in an 374

VLM, the probability of a token is strongly depen- 375

dent on its correlation with the immediate predeces- 376

sor. Therefore, if an error occurs in the memory at 377

a specific token, but the subsequent token returns to 378

a high probability, it implies the error did not affect 379

the semantic integrity of the sequence. However, 380

if there are consecutive tokens with probabilities 381

below their calibration threshold, it indicates that 382

the error has accumulated and propagated to the 383

next step. Thus, a full memory refresh is triggered 384

by the event Rt, defined as the occurrence of any 385

two consecutive validation failures: 386

Rt ⇐⇒ ∃j s.t. Dj ∧Dj+1 (11) 387

where Dj is the validation failure event for token 388

ωj (i.e., P (ωj |It, ω<j) < τ ′ωj ,t). Upon this trigger, 389

the entire memory Mt is discarded (Mt ← ∅), 390

forcing a complete regeneration of the belief state 391
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Model Method Latency (s) ↓ Accuracy (F1) ↑ BLEU-4 ↑ CIDEr↑ Challenge
Set Succ.(%)↑Orin 3090 All Speed Direction

llava-v1.6-
vicuna-7b

Vanilla 3.43 2.68 57.75 71.20 79.73 51.13 2.38 51.48
SparseVLM 2.65 1.80 54.83 67.64 75.74 48.57 2.26 48.31
VLA-Cache 2.52 1.73 57.68 71.13 79.65 51.05 2.35 51.42
FlashVLA 2.07 1.35 57.70 71.15 79.68 51.08 2.37 51.45
Ours 1.79 1.13 57.44 70.63 79.33 50.74 2.36 51.45

Qwen2-vl-
2B-Instruct

Vanilla 3.44 2.82 55.65 70.59 75.41 49.32 2.21 53.13
SparseVLM 2.86 2.32 52.85 67.06 71.64 46.85 2.10 50.25
VLA-Cache 2.98 2.12 55.60 70.55 74.35 48.14 2.19 53.08
FlashVLA 2.24 1.79 54.58 70.52 75.33 49.28 2.20 51.97
Ours 1.64 1.39 55.25 70.11 75.01 48.97 2.21 53.13

Phi-3.5-vision Vanilla 5.55 2.04 56.45 70.11 79.94 50.80 2.48 53.05
SparseVLM 5.06 1.78 53.62 66.60 75.94 48.25 2.35 49.87
VLA-Cache 4.67 1.88 56.38 70.03 79.85 50.15 2.47 53.05
FlashVLA 3.28 1.35 56.40 70.11 79.90 50.75 2.47 52.86
Ours 1.92 0.89 56.23 69.74 79,49 50.41 2.46 52.96

InternVL2-4B Vanilla 1.64 1.50 55.43 69.23 76.38 47.31 2.17 47.45
SparseVLM 1.60 1.48 52.66 65.77 72.56 44.94 2.06 45.52
VLA-Cache 1.48 1.31 55.40 69.15 75.92 47.24 2.15 47.41
FlashVLA 0.97 0.77 55.12 69.20 76.32 47.28 2.16 46.35
Ours 0.40 0.35 55.11 69.12 76.29 46.97 2.16 47.45

MobileVLM-
3B

Vanilla 2.63 1.95 53.41 67.64 74.31 45.51 2.11 48.23
SparseVLM 2.37 1.70 50.73 64.26 70.59 43.23 2.00 46.19
VLA-Cache 2.39 1.67 52.35 67.57 72.25 44.43 2.09 48.13
FlashVLA 1.78 1.33 53.38 67.60 74.28 45.48 2.10 48.19
Ours 0.96 0.80 53.05 67.26 73.91 45.18 2.10 48.23

Senna Vanilla 2.87 2.06 71.28 78.98 91.43 55.37 3.41 65.04
SparseVLM 2.25 1.41 59.86 70.15 88.75 51.45 2.89 60.33
VLA-Cache 2.36 1.53 70.35 77.86 91.38 52.12 3.15 65.02
FlashVLA 1.73 1.26 70.20 77.90 91.16 55.30 3.40 65.01
Ours 1.33 0.90 70.97 78.32 91.33 51.97 3.15 65.01

Table 1: Evaluation of inference latency and accuracy metrics across different VLMs and methods on NVIDIA
AGX Orin and RTX 3090 hardware platforms. The proposed method achieves significant speedup with minimal
accuracy degradation, demonstrating its effectiveness in balancing efficiency and reasoning quality.

from scratch based on the current observation It.392

The occurrence of Dj ∧ Dj+1 serves as a robust393

indicator of semantic drift, ensuring that the system394

resets only when the reasoning chain has demon-395

strably broken down.396

5 Experiments397

5.1 Setup and Implementation Details398

Datasets. We conduct experiments on two au-399

tonomous driving benchmarks. DriveLM(Sima400

et al., 2024) is a manually annotated dataset based401

on nuScenes(Caesar et al., 2020), includes 5k+402

multi-view camera sequences paired with human-403

verified scene descriptions and meta-actions, 91.4404

QA pairs per frame on average. OmniDrive(Wang405

et al., 2024b) is a synthetic dataset generated us-406

ing GPT-4, which extends nuScenes(Caesar et al.,407

2020) with diverse driving scenarios and language-408

based reasoning tasks.409

Safety-critical Subsets. To test the system under 410

pressure, we filter full datasets to create the chal- 411

lenge subsets containing only safety-critical frames 412

where the vehicle’s meta-action changes, such as 413

responding to a sudden obstacle or a new traffic sig- 414

nal. Performance on this set directly measures the 415

system’s ability to handle the abrupt, safety-critical 416

events that define real-world driving. 417

Models. Our evaluation includes a set of VLMs 418

to show the broad applicability of our method: 419

LLaVA-v1.6-vicuna-7B(Liu et al., 2023), Qwen2- 420

VL-2B(Wang et al., 2024a), Phi-3.5-Vision(Abdin 421

et al., 2024), InternVL2-4B(Chen et al., 2024f), 422

and MobileVLM-V2-3B(Chu et al., 2024). We 423

also conducted experiments on Senna(Jiang et al., 424

2024), a VLM specifically fine-tuned for au- 425

tonomous driving, to show our approach can further 426

optimize even specialized models. 427

Hardware. Experiments are conducted on 428

NVIDIA Jetson AGX Orin (64GB) designed for 429
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in-vehicle computing and NVIDIA RTX 3090 for430

server-grade performance.431

Metrics. We evaluate performance on two pri-432

mary fronts: efficiency, measured as end-to-end433

inference time per frame and decision-making ac-434

curacy. We evaluate accuracy using the F1 score,435

reported for direction, speed (fast, normal, slow,436

stop) and their combination. The quality of the437

underlying reasoning is evaluated using standard438

metrics: BLEU-4(Papineni et al., 2002) for lexi-439

cal overlap and CIDEr(Vedantam et al., 2015) for440

semantic relevance.441

5.2 Overall Performance442

We compare our method against three baselines.443

Vanilla refers to the standard, unmodified VLM,444

fine-tuned on the respective datasets. We apply445

SmoothQuant(Xiao et al., 2023) to these mod-446

els to simulate a realistic, performance-optimized447

deployment. SparseVLM(Zhang et al., 2024b)448

prunes visual tokens based on textual guidance449

to reduce computational load. VLA-Cache(Xu450

et al., 2025) caches static tokens across sequen-451

tial data, avoiding recomputation for unchanged re-452

Model Type Accuracy (F1)↑
All Speed Direction

llava-v1.6-
vicuna-7b

full 57.44 70.63 79.33
w/o AC 56.75 71.43 75.67
w/ DT 40.14 51.59 54.75
w/o MR 44.76 53.41 61.73

Phi-3.5-
vision

full 56.23 69.74 79,49
w/o AC 54.99 67.35 78.98
w/ DT 45.24 61.84 65.48
w/o MR 42.92 52.75 55.13

Table 2: Ablation study of the proposed framework’s
submodules. The table reports accuracy metrics to
demonstrate the impact of each module on reasoning
quality. “AC” denotes attention-aware calibration. “DT”
denotes discontinuous KV cache truncation.“MR” de-
notes memory refresh.

gions. FLASHVLA(Tan et al., 2025) reuses token- 453

aware actions when the visual input remains stable. 454

Inference Speedup. MEMO-VLM delivers a sig- 455

nificant inference speedup, ranging from 1.7× to 456

4.3× across all tested models and hardware (Fig. 5, 457

6). This advantage holds even for highly optimized 458

models like Senna(Jiang et al., 2024), which we 459

accelerate by 2.3×. Notably, on an edge device 460

(AGX Orin), our method transforms the InternVL2- 461

4B model from an impractical 1.64 seconds per 462

frame to a real-time capable 0.40 seconds. This 463

performance consistently surpasses input-level opti- 464

mizations like SparseVLM (1.5×-4.2×) and VLA- 465

Cache (1.4×-3.9×). Unlike FLASHVLA that dis- 466

cards entire reasoning chains, our fine-grained vali- 467

dation selectively preserves valid tokens while only 468

removing outdated ones, highlighting the clear su- 469

periority of reusing semantic reasoning. 470

Reasoning Quality. The speedups achieved by 471

MEMO-VLM do not come at the expense of rea- 472

soning quality or safety. While other accelera- 473

tion techniques often incur significant performance 474

penalties, Table 1 shows our approach induces a 475

degradation of less than 1% compared to vanilla 476

inference. This confirms that our semantic reuse 477

avoids the harmful truncation of critical tokens. 478

Failure Case Analysis. Our method exhibits re- 479

markable reliability on the safety-critical challenge 480

set, with near-zero accuracy loss.A closer analysis 481

of the rare failure cases reveals they are conser- 482

vative when it chooses to “maintain speed” rather 483

than accelerate into an open road. This conser- 484

vative bias in ambiguous contexts ensures these 485

nuanced discrepancies do not compromise safety. 486

5.3 Ablation Study 487

Submodule Validity. As shown in Table 2, re- 488

moving the attention-aware calibration module re- 489

duces meta-action F1 accuracy by 1.2–2.3 points, 490

underscoring its critical role in prioritizing safety- 491

relevant tokens (e.g., “pedestrian”) over syntactical 492

or low-attention elements. Furthermore, we ex- 493

Model Threshold Latency (s) ↓ Accuracy (F1) ↑
Orin 3090 Direction Speed

llava-v1.6-
vicuna-7b

1.1 × τt 1.94 1.34 70.66 79.33
τt 1.79 1.13 70.63 79.33
0.9 × τt 1.67 1.05 69.76 78.21

Phi-3.5-
vision

1.1×τt 2.13 1.05 69.76 79.46
τt 1.92 0.89 69.74 79,49
0.9 × τt 1.75 0.85 68.71 77.90

Table 3: Sensitivity analysis of threshold.
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periment with discontinuous KV cache truncation,494

where invalid tokens are removed mid-sentence495

without preserving the preceding valid prefix. This496

approach leads to significant performance degrada-497

tion of more than 15%, as tokens following the false498

memory absorb previously invalid information, in-499

troducing noise and confusion into the model’s500

reasoning process. These results validate the effec-501

tiveness of our prefix-preserving truncation strat-502

egy, which maintains grammatical coherence and503

semantic consistency by retaining valid token se-504

quences while discarding only the invalid suffix.505

Disabling memory refresh mechanism led to a sub-506

stantial drop of more than 10%, in both scene under-507

standing and action accuracy, demonstrating that508

our system for bounding error propagation is cru-509

cial for maintaining high performance over time.510

Sensitivity Analysis of Threshold τt. We eval-511

uate the trade-off between latency and accuracy512

by changing τt. As shown in Table 3, a stricter513

threshold (higher τt) will marginally improve the514

accuracy rate, but it will increase the delay because515

the correct description is recognized as outdated.516

Our choice of τt as the minimum token probability517

establishes it as the lower bound of the optimal518

interval. A looser threshold (lower τt) will reduce519

latency but lower accuracy, which proves the reli-520

ability of our method in the selection of τt. This521

suggests the method becomes too tolerant of se-522

mantic shifts, potentially missing subtle but crucial523

changes in the driving scene.524

Cross-dataset Generalizability. To evaluate cross-525

dataset generalizability, we conducted experiments526

using threshold calibrated on NuScenes and apply527

it to the BDD-X dataset with our automatically528

threshold finetune mechanism. BDD-X contains529

diverse driving scenarios (e.g., day/night, high-530

way/city) and includes 8.4M frames with annotated531

actions and explanations. We first calibrated our532

threshold on 5k frames from nuScenes. We then533

Model Type Accuracy (F1)↑
All Direction Speed

llava-v1.6-
vicuna-7b

Vanilla 53.05 61.53 73.64
Trans 52.21 61.19 73.11

Phi-3.5-
vision

Vanilla 51.32 60.75 71.34
Trans 50.45 60.35 70.56

Table 4: Evaluation of accuracy metrics across different
VLMs and methods. “Trans” stands for threshold cali-
brated on NuScenes and applied it to the BDD-X dataset
with automatically threshold finetune mechanism.

Camera

Figure 7: Evaluation on Baidu Apollo2 bus.

applied resulting thresholds directly to a 5k-frame 534

test set from BDD-X. The results in Table 4 demon- 535

strate minimal degradation compared to baseline. 536

Thus, our automatically threshold finetune mecha- 537

nism generalize well under distribution shifts. 538

5.4 Real World Deployment 539

To validate real-world applicability, we deployed 540

InternVL2-4B on a Baidu Apollo 2.0 vehicle 541

equipped with an NVIDIA RTX 3090Ti GPU and 542

Intel(R) Core(TM) i7-12700H CPU, running in a 543

shadow mode for two weeks in complex urban en- 544

vironments (Fig. 7). MEMO-VLM proved cru- 545

cial, enabling real-time control at 0.35 seconds 546

per frame and achieving 68.18% meta-action ac- 547

curacy. A qualitative review of failures revealed 548

a consistent pattern of safe, conservative actions; 549

the model’s primary errors were not dangerous de- 550

cisions but rather an overcautious failure to accel- 551

erate where a human would. This tendency to- 552

wards caution, rather than recklessness, supports 553

the method’s viability for real-world deployment. 554

To correct this over-caution, future work will focus 555

on improving the reward function to better balance 556

safety with driving efficiency. We will also use 557

imitation learning, training the model on data from 558

skilled drivers to help it learn how to make more 559

confident yet safe driving decisions. 560

6 Conclusion 561

We present a memory-driven framework that accel- 562

erates vision-language model (VLM) inference in 563

autonomous driving by addressing temporal redun- 564

dancy in consecutive scene reasoning. Experiments 565

demonstrate 1.7×-4.3× speedup on edge hardware 566

with less than 1% accuracy degradation in meta- 567

action prediction, reducing redundant computa- 568

tions by 70% in stable scenarios. This work bridges 569

bio-inspired memory mechanisms with computa- 570

tional efficiency, offering a practical solution for 571

real-time autonomous systems . 572
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7 Ethical Considerations573

Our research focuses on accelerating Vision-574

Language Models (VLMs) for autonomous driving,575

a domain with safety and societal implications. The576

primary ethical consideration of this work centers577

on the safety of deploying approximated reasoning578

in safety-critical systems. By reusing past reason-579

ing states to reduce latency, MEMO-VLM intro-580

duces a trade-off between computational efficiency581

and the potential risk of missing sudden environ-582

mental changes. To mitigate this, we designed583

our framework with bounded error propagation (as584

detailed in Section 4.4), ensuring that the system585

defaults to a full refresh of reasoning when confi-586

dence drops, rather than hallucinating safety. In587

our real-world deployment, we utilized a “shadow588

mode” setup where the system ran passively along-589

side a human driver, ensuring no physical risk to590

public safety during testing.591

Our experiments rely on publicly available,592

standard benchmarks (NuScenes, DriveLM, Om-593

niDrive, BDD-X). We adhere to the usage licenses594

of these datasets, which are designed to anonymize595

personally identifiable information such as license596

plates and faces. Furthermore, our approach con-597

tributes to “Green AI” initiatives. By reducing re-598

dundant computation in VLMs, MEMO-VLM sig-599

nificantly lowers the energy consumption and car-600

bon footprint associated with running large-scale601

models on edge devices, making advanced AI more602

environmentally sustainable for widespread deploy-603

ment.604

Limitations605

MEMO-VLM exhibits a tendency toward over-606

caution. As observed in our real-world deploy-607

ment (Section 5.4), the model occasionally fails608

to accelerate into open roads due to strict consis-609

tency thresholds. While this conservative behavior610

ensures safety, it may lead to unnatural driving pat-611

terns that could impede traffic flow or differ from612

human-like fluidity. Future work is required to613

better balance safety with driving efficiency via614

improved reward functions.615

Furthurmore, we observed diminishing returns616

when combining our temporal reuse strategy with617

aggressive spatial pruning methods. As detailed in618

Section 5.2 and Table 5, integrating MEMO-VLM619

with spatial redundancy techniques like Sparse-620

VLM led to a notable degradation in meta-action ac-621

curacy (dropping by over 10 points in some cases).622

This indicates that simultaneously reducing infor- 623

mation in both spatial and temporal dimensions can 624

erode the semantic context necessary for complex 625

reasoning, limiting the composability of our frame- 626

work with other extreme compression techniques. 627
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A Integration with Image Token 872

Redundancy 873

Our method primarily optimizes reasoning by lever- 874

aging semantic temporal redundancy, which is or- 875

thogonal to approaches that exploit the temporal 876

and spatial redundancy of image tokens. To explore 877

the potential synergy between these paradigms, 878

we conduct experiments combining our frame- 879

work with VLA-Cache(temporal token caching) 880

and SparseVLM(spatial token pruning). As shown 881

in table 5, while the fusion achieves faster infer- 882

ence speeds, it also leads to performance degra- 883

dation, with meta-action F1 accuracy dropping by 884

1.68–10.4 points. This trade-off arises because au- 885

tonomous driving is a highly sensitive task where 886

excessive pruning of information, whether spa- 887

tial or temporal, can significantly impair reason- 888

ing quality and decision-making reliability. These 889

results highlight the importance of balancing effi- 890

ciency with the preservation of safety-critical de- 891

tails in real-world autonomous systems. 892

B System Overhead 893

MEMO-VLM maintains high efficiency by impos- 894

ing negligible computational and memory over- 895

head. As shown in Fig. 8 and 9, our coarse-to-fine 896

11



LLaVA-v1.6

Qwen2-v1
Phi-3.5-v

MobileVLM
InternVL2

Senna
0
1
2
3
4
5
6

La
te

nc
y 

(s
)

Vanilla Ours Overhead

Figure 8: End-to-end over-
head on Jetson Orin.
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Figure 9: End-to-end over-
head on RTX 3090.

redundancy detection pipeline constitutes less than897

5% of the total inference latency, a result of its tight898

integration within the VLM’s prefill stage that obvi-899

ates the need for external networks. Similarly, the900

runtime memory footprint is minimal; its KV cache901

is transient, generated and discarded on a per-frame902

basis, retaining only a small set of memory tokens903

that occupy just tens of KBs.904

C Qualitative Results905

Fig. 10 illustrates a busy intersection scenario906

where our framework reuses 83% of cached tokens907

across three consecutive frames. In our global se-908

mantic check module, we identified that the left and909

middle diagrams are similar, prompting the model910

to retain its full reasoning output. However, we911

detected a difference in scenes between the middle912

and right diagrams, as the car approached the inter-913

section. Consequently, the model preserved part of914

the previous output while updating the meta-action915

to “stop”.916
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Model Method Latency(s) ↓ Accuracy (F1)↑ BLEU-4↑ CIDEr↑Orin 3090 All Direction Speed

llava-v1.6-vicuna-7b Ours 1.79 1.13 57.44 70.63 79.33 50.74 2.36
Ours + SparseVLM 1.57 0.99 49.25 64.74 73.85 43.52 1.94
Ours + VLA-Cache 1.49 0.95 55.65 70.20 75.54 49.52 2.26

Phi-3.5-vision Ours 1.92 0.89 56.23 69.74 79,49 50.41 2.46
Ours + SparseVLM 1.77 0.86 45.76 62.43 67.87 44.76 1.88
Ours + VLA-Cache 1.68 0.84 53.51 66.21 76.65 48.22 2.15

Table 5: Comparison of inference latency and accuracy metrics when integrating our framework with spatial
redundancy methods. While the fusion achieves faster inference speeds, it leads to performance degradation,
indicating that excessive pruning of information can impair reasoning quality in safety-critical tasks.

The driving scene is a busy intersec-
tion with multiple traffic lights and ve-
hicles. There are several cars and a truck
in the area, some of which are stopped
at the traffic lights. A few cars are
moving through the intersection. There
are multiple traffic lights in the scene,
indicating that the intersection is well-
regulated. The car’s front camera is fac-
ing the red traffic light . The car is
positioned in the middle of the intersec-
tion, and there are no pedestrians visible
in the scene. Based on the image, the
driving direction should be straight ,

the ego vehicle should drive slowly as
there are other vehicles and pedestrians
in the area.

The driving scene is a busy intersec-
tion with multiple traffic lights and ve-
hicles. There are several cars and a truck
in the area, some of which are stopped
at the traffic lights. A few cars are
moving through the intersection. There
are multiple traffic lights in the scene,
indicating that the intersection is well-
regulated. The car’s front camera is fac-
ing the red traffic light . The car is
positioned in the middle of the intersec-
tion, and there are no pedestrians visible
in the scene. Based on the image, the
driving direction should be straight ,

the ego vehicle should drive slowly as
there are other vehicles and pedestrians
in the area.

The driving scene is a busy intersection
with multiple traffic lights and vehicles.
There are several cars and a truck in the
area, some of which are stopped at the
traffic lights. A few cars are also mov-
ing through the intersection. There are
multiple traffic lights in the scene, indicat-
ing that the intersection is well-regulated.
The traffic lights are currently red ,
indicating that the ego vehicle should

stop . Based on the image, the ego ve-
hicle should proceed with caution when
the traffic light turns green.

Figure 10: Qualitative result of our framework in a busy intersection scenario. The left and middle diagrams show
similar scenes, prompting the model to retain its full reasoning output. However, a difference is detected between
the middle and right diagrams as the car approaches the intersection. Consequently, the model preserves part of the
previous scene description while updating the meta-action to “stop”. This illustrates how our framework adaptively
reuses valid reasoning states and updates only the necessary parts of the scene description.
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