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Abstract001

Prefilling computational costs pose a significant002
bottleneck for Large Language Models (LLMs)003
and Large Multimodal Models (LMMs) in long-004
context settings. While token pruning reduces005
sequence length, prior methods rely on heuris-006
tics that break compatibility with hardware-007
efficient kernels like FlashAttention. In this008
work, we observe that tokens evolve toward009
semantic fixing points, making further process-010
ing redundant. To this end, we introduce Delta011
Attention Selective Halting (DASH), a training-012
free policy that monitors the layer-wise update013
dynamics of the self-attention mechanism to se-014
lectively halt stabilized tokens. Extensive eval-015
uation confirms that DASH generalizes across016
language and vision benchmarks, delivering017
significant prefill speedups while preserving018
model accuracy and hardware efficiency.019

1 Introduction020

The capability to process extensive context win-021

dows is a key feature of Large Language Models022

(LLMs) and Large Multimodal Models (LMMs),023

enabling long-document summarization and high-024

resolution visual understanding (OpenAI et al.,025

2024; Team et al., 2025). However, this capabil-026

ity comes with a prohibitive computational cost.027

While techniques such as quantization (Dettmers028

et al., 2022) and FlashAttention (Dao et al., 2022)029

have alleviated memory bottlenecks, the prefill030

complexity remains quadratic or linear with respect031

to sequence length. As token sequences grow into032

the hundreds of thousands, the floating-point op-033

erations required for the forward pass become the034

primary latency bottleneck.035

To address this problem, recent research has036

explored token pruning strategies to reduce the037

sequence length (Zhang et al., 2023). However,038

most existing methods rely on heuristic importance039

scores (e.g., accumulated attention weights) that040

require access to the attention matrix, making them041

Figure 1: Layer-wise distributions of token-wise rel-
ative ∆attn at layers 5, 10, 20, and 25 for Qwen2.5-
7B-Instruct-1M, computed on two randomly sampled
LongBench-E (2WikiMQA) instances.

incompatible with FlashAttention and other effi- 042

cient attention operators. This leads to a ques- 043

tion: instead of asking which tokens are important, 044

can we identify which tokens have already finished 045

their job? 046

To answer this question, we revisit token dy- 047

namics across layers through the lens of residual 048

connections, where xl+1 = xl +∆. We posit that 049

tokens evolve towards a “semantic fixed point”, 050

where a diminishing update magnitude ∆ signals 051

that the representation has stabilized within the cur- 052

rent context. Specifically, we monitor the update of 053

the self-attention layer (∆attn ) to capture global 054

information exchange, rather than local feature vari- 055

ations. 056

Observation 1: Semantic fixing points exist. This 057

hypothesis is validated by the empirical distribu- 058

tion of ∆attn, as shown in Figure 1. We observe a 059

highly skewed pattern where the vast majority of 060

1



Figure 2: Correlation between normalized final-layer
attention scores (x-axis) and the mean Delta Attention
∆attn of each token across layers (y-axis).

tokens cluster near zero, indicating they have effec-061

tively reached their semantic fixed points. Only a062

sparse subset of tokens continues to undergo sig-063

nificant updates in deeper layers. This distinct sep-064

aration reveals a substantial computational redun-065

dancy: once a token enters this “saturation regime,”066

further processing contributes little to the global067

context and yields diminishing returns.068

Observation 2: Tokens converged to their fixed069

point are redundant. To confirm that the semantic070

fixed point” identified in Observation 1 translates to071

a loss of influence over the global context, we ana-072

lyze the correlation between update magnitude and073

token importance. Figure 2 plots each token’s nor-074

malized attention score against its ∆attn, revealing075

a strong positive relationship: tokens that stabilize076

(low ∆attn) rarely attract significant attention from077

subsequent layers. This behavior suggests that once078

a token saturates, it effectively becomes an infor-079

mation sink,” allowing us to use ∆attn as a safe,080

training-free proxy for pruning without computing081

expensive attention matrices.082

Observation 3: Visual tokens saturate earlier083

than textual tokens. While saturation serves as084

a general indicator of redundancy, the rate of con-085

vergence differs fundamentally across modalities.086

Figure 3 compares the layer-wise attention spar-087

sity patterns for visual and textual tokens within a088

vision-language model. We observe a distinct dis-089

parity: visual tokens tend to reach their semantic090

fixed points and exhibit high sparsity significantly091

earlier in the network, whereas textual tokens re-092

quire deeper layers to process and stabilize. This093

modality gap explains a common pitfall in efficient094

inference: token pruning strategies originally devel-095

oped for large multimodal language models often096

fail when directly applied to Large Language Mod-097

els, calling for token pruning methods designed for098

both language and vision.099

Building on these insights, we propose DASH100

Figure 3: Layer-wise sparsity patterns for visual (left)
and textual (right) tokens, showing earlier saturation for
visual tokens compared with text tokens.

(Delta Attention Selective Halting), a training- 101

free inference-time policy for fast prefill. DASH 102

computes token-wise ∆attn once at a start layer 103

ls, selects a compact active set by retaining the 104

topK = ⌊(1− ρ)T ⌋ tokens, and reuses this fixed 105

set for all subsequent prefill layers. Tokens outside 106

the active set are halted at ls and skip both self- 107

attention and FFN computation in deeper layers. 108

This single-shot schedule is compatible with effi- 109

cient attention operators (e.g., FlashAttention (Dao 110

et al., 2022)) since it does not require materializ- 111

ing full attention matrices. We evaluate DASH on 112

both long-context text and vision–language bench- 113

marks. Across these settings, DASH consistently 114

outperforms representative prefill-time token com- 115

pression baselines under the same token reduction 116

setting, while remaining close to the uncompressed 117

backbone. Moreover, the vision–language results 118

exhibit a larger performance margin under more 119

aggressive reduction ratios, indicating that DASH 120

retains accuracy more effectively when prompts 121

are inflated with dense visual tokens. 122

In summary, our contributions are three-fold: 123

• We identify per-layer ∆attn as a first-order indi- 124

cator of token saturation and provide empirical 125

evidence of its correlation with token importance 126

and the difference between vision and language 127

(Figures 1, 2, and Figure 3). 128

• We introduce DASH, a training-free framework 129

that leverages ∆attn to perform single-shot selec- 130

tive token halting at ls, substantially reducing 131

prefill latency without retraining. 132

• Extensive experiments on long-context language 133

and vision–language benchmarks with Qwen2.5- 134

7B-Instruct-1M and Qwen2-VL-7B validate 135

DASH, delivering consistent prefill efficiency 136

gains with minimal performance degradation 137

and strong accuracy–efficiency trade-offs against 138

competitive baselines. 139
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2 Related Work140

2.1 Memory-Oriented Inference141

Memory-oriented approaches primarily aim to com-142

press the key-value (KV) cache to reduce memory143

footprint and bandwidth. Common strategies in-144

clude eviction policies based on accumulated atten-145

tion or recency (Zhang et al., 2023; Li et al., 2024b;146

Adnan et al., 2024), and more refined criteria lever-147

aging head-level or value-aware signals (Ge et al.,148

2024; Guo et al., 2024). While effective for decod-149

ing efficiency, these methods offer limited savings150

for the dominant prefill computation, as the full151

prompt must typically be processed to construct152

the initial cache.153

2.2 Structural Compute Reduction154

Complementary to cache compression, structural155

approaches reduce inference FLOPs by pruning the156

computation graph. Techniques range from exploit-157

ing specific attention patterns like attention sinks158

(Xiao et al., 2024) to dynamic token pruning strate-159

gies (Fu et al., 2024; Long et al., 2025; Yan et al.,160

2025) and depth-wise early exiting (Tang et al.,161

2023). While token pruning is well-explored in162

vision (Wei et al., 2023), training-free token reduc-163

tion for autoregressive text generation remains un-164

derstudied. Our work addresses this gap by propos-165

ing a lightweight policy that targets prefill FLOPs166

and generalizes to multimodal inputs.167

2.3 Information Propagation and168

Redundancy169

Recent analyses of deep Transformers reveal signif-170

icant redundancy, where deeper layers often intro-171

duce only minor representation updates (He et al.,172

2024). Mechanistic studies further suggest that at-173

tention heads perform iterative computation, gradu-174

ally refining intermediate states (Brinkmann et al.,175

2024; Musat, 2025). These findings motivate shift-176

ing from static importance metrics to criteria based177

on dynamic updates. Accordingly, we leverage178

the magnitude of the attention residual update as a179

layer-local proxy for marginal computational return180

to guide our training-free selective halting.181

3 Methodology182

3.1 Preliminaries183

Long-context and multimodal inference. Infer-184

ence for autoregressive Transformers consists of185

a prefill stage and a decoding stage. Given an in-186

put sequence of length T , prefill processes all T187

tokens once to produce hidden states and initialize 188

the KV cache, after which decoding generates to- 189

kens autoregressively while reusing cached keys 190

and values. In long-context settings, prefill can 191

dominate latency because it executes attention and 192

feed-forward computation over the entire prompt, 193

and the cost grows rapidly with T (quadratically for 194

self-attention). In practice, T is often inflated be- 195

yond plain text due to retrieval-augmented prompts 196

and multimodal inputs with dense visual tokens, 197

further increasing time-to-first-token. We therefore 198

focus on reducing prefill computation for both long- 199

context text generation and multimodal generation. 200

Transformer blocks. We consider a Transformer 201

with L blocks. Let H(l) ∈ RT×d denote the token 202

representations entering the self-attention sublayer 203

at block l. The self-attention output before residual 204

addition is denoted by U(l) ∈ RT×d, yielding the 205

residual update H̃(l) = H(l) +U(l). 206

Token pruning and pruning ratio. Token prun- 207

ing implements conditional computation by halting 208

a subset of tokens in intermediate and deep lay- 209

ers, so that only the remaining tokens are propa- 210

gated through subsequent blocks. We denote by 211

ρ ∈ [0, 1) the pruning ratio, meaning that (1−ρ)T 212

tokens are retained at layers where pruning is acti- 213

vated. Prior evidence suggests that information can 214

diffuse across depth, motivating depth dependent 215

selective computation that reduces the effective 216

sequence length in later layers while preserving 217

overall behavior. 218

3.2 Overview of DASH 219

Motivated by the prefill bottleneck in long-context 220

and multimodal inference, we introduce DASH, 221

a training-free inference-time policy for reducing 222

prefill FLOPs via token-level selective halting in 223

intermediate and deep Transformer blocks, as il- 224

lustrated in Figure 4. We consider an input to- 225

ken sequence of length T , including both text-only 226

prompts and multimodal prompts formed by con- 227

catenating text and visual tokens. DASH makes no 228

modality-specific assumptions and instead instan- 229

tiates a unified halting criterion based on a layer- 230

local signal available during the forward pass. Halt- 231

ing is activated from a start layer ls. For l < ls, the 232

model processes all T tokens as usual. At the start 233

layer ls, DASH computes a per-token ∆attn score, 234

ranks tokens by this score, and retains a fixed frac- 235

tion determined by the pruning ratio ρ to form an 236

active set. The same active set is then reused for 237
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Figure 4: Overview of ∆attn guided token halting during prefill. Left: in block l, self-attention produces the
pre-residual output U(l), and we define a per-token ∆attn score ∆

(l)
t = ∥U(l)

t ∥2. Right: given an input of length T ,
all tokens are processed normally for layers l < ls. At the activation layer ls, we rank tokens by ∆

(ls)
t and apply a

fixed pruning ratio ρ, keeping the top (1 − ρ)T tokens (purple) and halting the remaining tokens (gray). Halted
tokens are removed from the active set and, in all deeper layers, skip the entire Transformer block computation,
including both self-attention and the feed-forward network (FFN), thereby reducing prefill FLOPs. The figure
highlights the kept tokens (filled purple), halted tokens (gray with cross), and the pruning gate activated at ls.

all subsequent layers l > ls, so halted tokens skip238

both self-attention and feed-forward computation239

throughout the remaining prefill blocks.240

Consequently, the sequence length drops at ls241

and remains reduced in deeper layers, reducing242

the computational cost of both attention and feed-243

forward sublayers during prefill.244

3.3 ∆attn Signal and Active-Set Update Rule245

Let H(l) ∈ RT×d denote the token representations246

entering block l during prefill. We define the atten-247

tion output before the residual addition as248

U(l) = Attn
(
LN(H(l))

)
, (1)249

and compute a layer-local delta-attn score for each250

token t as251

∆
(l)
t =

∥∥∥U(l)
t

∥∥∥
2
. (2)252

We interpret ∆(l)
t as a proxy for the marginal benefit253

of further updating token t at depth l.254

Given a pruning ratio ρ ∈ [0, 1), DASH per-255

forms single-shot selection at the start layer ls. Let256

S = {1, . . . , T} be token indices. At layer ls, we257

select258

S⋆ = TopK
(
S, K, ∆(ls)

)
,

K = ⌊(1− ρ)T ⌋ ,
(3)259

reuse S⋆ for all subsequent layers, and halt tokens 260

in S \ S⋆ at ls. Unless stated otherwise, the rule 261

is applied uniformly to all tokens, including mul- 262

timodal visual tokens when present. Implementa- 263

tion details and pseudo-code are provided in Ap- 264

pendix B.1 (Alg. 1). 265

3.4 Execution Semantics, Scheduling, and 266

Complexity 267

A token is halted once it is excluded from the ac- 268

tive set. Halted tokens are removed from the active 269

set, skip both self-attention and feed-forward com- 270

putation in all subsequent layers, and their hidden 271

states remain fixed at their last updated values. We 272

implement halting by executing each block on the 273

compacted active sequence, so computation scales 274

with the active length rather than the prompt length. 275

Under the single-shot schedule, layers 0:ls−1 276

process the full prefill sequence of length T , while 277

layers ls:L−1 reuse a fixed active set of length T̂ = 278

⌊(1− ρ)T ⌋. Using the standard per-layer FLOPs 279

proxy A(T ), the baseline and DASH prefill FLOPs 280

are Cfull(T ) = LA(T ) and Cours(T ) = lsA(T ) + 281

(L− ls)A(T̂ ), yielding a theoretical prefill FLOPs 282

speedup sFLOPs(T ) = Cfull(T )/Cours(T ). For 283

our typical text-only setting on QWEN2.5-7B- 284

INSTRUCT-1M with ls = ⌊0.4L⌋ and ρ = 0.667, 285

the theoretical speedup is 1.83× at T = 16,384 to- 286
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Table 1: LongBench-E results on QWEN2.5-7B-INSTRUCT-1M under the same prefill-time token reduction setting.
We compare DASH with representative baselines, including SnapKV adapted to a pruning variant (SnapKV-pr), D3,
LLMLingua2, and a long-context adaptation of FastV. Avg. (%) denotes the average score across tasks; higher is
better. Bold and underlined numbers indicate the best and the second-best results in each column, respectively.

Method Avg. (%) Sing. QA Multi. QA Summ. Few-shot Synth. Task Code Comp.
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Qwen2.5-7B-Instruct-1M 48.87 44.19 51.13 62.97 51.07 6.97 6.57 65.00 85.75 32.95 15.00 99.33 59.86 54.52

+ FastV 43.99 40.44 42.63 57.67 43.48 6.96 6.53 59.33 84.79 33.98 7.33 83.67 52.71 52.31
+ LLMLingua2 44.16 40.41 42.91 51.58 43.29 6.44 6.41 61.67 80.87 32.52 6.33 99.00 49.64 53.05
+ D3 45.00 40.18 44.49 60.95 50.16 6.19 6.01 64.67 85.01 27.14 15.00 99.33 45.54 40.34
+ SnapKV (pr.) 46.15 38.14 42.98 61.54 48.31 7.00 6.70 63.67 85.25 30.87 16.60 97.67 51.89 49.37
+ DASH (ours) 46.76 40.58 49.38 61.00 48.03 7.01 6.47 59.00 84.21 31.82 16.67 98.00 54.58 51.14

kens. Full derivations and length-dependent results287

are provided in Appendix A.1.288

4 Experiments289

4.1 Experimental Setup290

Evaluation focus. We evaluate DASH as a291

prefill-time token compression method for long-292

context inference. Given an input prompt of length293

T , DASH reduces prefill computation by halting294

a subset of prompt tokens after a designated start295

layer ls and executing subsequent layers only on296

the compacted active set. Unless otherwise stated,297

decoding is kept identical across methods; token298

compression is applied exclusively to the prompt299

tokens in prefill.300

Backbones. For long-context text experiments,301

we use QWEN2.5-7B-INSTRUCT-1M (Yang et al.,302

2025). For vision–language (VL) experiments re-303

ported later in §4.3, we use QWEN2-VL-7B (Wang304

et al., 2024).305

Benchmarks. For long-context text, we consider306

(i) LONGBENCH-E (Bai et al., 2024), which covers307

single-document QA, multi-document QA, summa-308

rization, few-shot learning, synthetic tasks, and309

code completion (Table 1), and (ii) LOOGLE (Li310

et al., 2024a), which stresses long-context under-311

standing and includes short/long QA, long sum-312

marization, and cloze-style evaluation (Table 2).313

We follow the official evaluation protocols of each314

benchmark and report their standard task scores;315

higher is better.316

Baselines. We compare against representative317

prefill-time compression baselines: (i) SnapKV (Li318

et al., 2024b) adapted to a token-pruning variant319

(SNAPKV(PR.)), (ii) D3 (Fan et al., 2025), (iii)320

LLMLINGUA2 (Pan et al., 2024), and (iv) a long-321

context adaptation of FASTV (Chen et al., 2024).322

All methods are evaluated under the same backbone 323

and inference configuration. 324

Operating-point selection (accuracy–speedup 325

trade-off). Many baselines expose tunable hy- 326

perparameters that induce different accuracy– 327

efficiency trade-offs. Therefore, in Table 1 and 328

Table 2, we report each method at a selected operat- 329

ing point from its sweep results, chosen to represent 330

its best observed accuracy–speedup trade-off un- 331

der our evaluation setting. We report detailed end- 332

to-end quality–efficiency breakdowns separately 333

(Figure 6). For DASH, the sweep is over the start 334

layer ls and pruning ratio ρ (and any scheduling 335

parameters described in Appendix B). 336

4.2 Long-Context Text Prefill Compression 337

Results 338

4.2.1 LongBench-E Main Results 339

Table 1 summarizes LONGBENCH-E results on 340

QWEN2.5-7B-INSTRUCT-1M at the selected op- 341

erating point for each method. Among the prefill- 342

time compression baselines, DASH achieves the 343

strongest overall average score (Avg. = 46.76), out- 344

performing SNAPKV(PR.) (46.15), D3 (45.00), 345

LLMLINGUA2 (44.16), and FASTV (43.99), while 346

remaining close to the uncompressed backbone 347

(48.87). At this operating point, DASH also 348

achieves a higher speedup (lower FLOPs) than com- 349

peting methods at comparable accuracy (Table 4). 350

Beyond the overall average, DASH remains 351

competitive across diverse task families. Notably, it 352

is robust on information-intensive settings such as 353

multi-field QA and code completion (e.g., MFQA 354

and LCC in Table 1), and it preserves strong per- 355

formance on synthetic retrieval-style tasks where 356

maintaining salient prompt evidence is essential. 357

These results support that delta-attention-guided 358

halting can reduce prefill computation without dis- 359
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Table 2: LooGLE results on QWEN2.5-7B-INSTRUCT-
1M under the same prefill-time token reduction setting.
We compare DASH with SnapKV adapted to a token
pruning variant (SnapKV pr.), D3, LLMLingua2, and
a long-context adaptation of FastV. Avg denotes the
overall benchmark score; higher is better. Bold and
underlined numbers indicate the best and the second-
best results in each column, respectively.

Method Avg. sQA lQA lSum sCloze

BF1 RL BF1 RL BF1 RL Ex. Part.

Qwen2.5-7B-
Instruct-1M 22.69 0.842 0.234 0.830 0.123 0.842 0.043 73.5 83.3

+ D3 19.49 0.830 0.124 0.822 0.078 0.831 0.038 72.1 81.1
+ LLMLingua2 19.56 0.841 0.180 0.828 0.113 0.842 0.049 73.1 80.5
+ FastV 19.78 0.840 0.202 0.829 0.106 0.840 0.040 73.0 82.4
+ SnapKV (pr.) 19.87 0.836 0.171 0.827 0.116 0.841 0.043 73.2 82.9
+ DASH (ours) 19.94 0.839 0.172 0.829 0.112 0.841 0.040 73.6 83.1

proportionately harming long-context accuracy.360

4.2.2 LooGLE Results361

LooGLE complements LongBench-E by stressing362

long-range evidence tracking under QA, long sum-363

marization, and cloze-style evaluation. Table 2364

reports LOOGLE results under the same setting.365

DASH delivers the best overall score among the366

compared compression methods (Avg. = 19.94),367

slightly exceeding SNAPKV(PR.) (19.87) and im-368

proving over FASTV, LLMLINGUA2, and D3. On369

cloze-style evaluation, DASH attains the highest370

Exact and Partial scores (73.6 and 83.1, respec-371

tively), indicating that it better preserves the long-372

context evidence required for precise span-level373

inference. Overall, the LOOGLE results further374

corroborate that DASH maintains long-context un-375

derstanding under prefill-time token reduction.376

4.3 Vision–Language Prefill Compression377

Results378

Figure 5 summarizes vision–language token com-379

pression results on QWEN2-VL-7B across six VL380

benchmarks under varying token reduction ratios.381

We report performance using the average decline382

ratio (ADR), where the uncompressed model is nor-383

malized to 100.0 and higher values indicate better384

retention of task accuracy.385

Across all reduction ratios, DASH consistently386

achieves the highest ADR among the compared387

methods. Notably, its advantage becomes more388

pronounced under aggressive compression. At389

moderate reduction (e.g., 75%–88.9%), DASH al-390

ready matches or exceeds prior methods, while391

at extreme reduction levels (96% and 99%), it ex-392

hibits substantially slower degradation than FASTV,393

Figure 5: Vision–language token compression on
Qwen2-VL-7B across six vision–language benchmarks.
We compare PruMerge+, FastV, VisionZip, DART, and
DASH (ours) under different token reduction ratios.
Performance is reported as the average decline ratio
(ADR), averaged over benchmarks, with the uncom-
pressed model normalized to 100.0. Full per-benchmark
results are provided in Table 5 in the appendix.

Figure 6: Overall LongBench-E performance trade-
off between end-to-end (E2E) time and score. DASH
achieves higher accuracy at lower latency, outperform-
ing FastV by 8.5% in score and running 1.74× faster
than the baseline under comparable accuracy.

VISIONZIP, and DART. This trend indicates that 394

delta-attention-guided halting is particularly effec- 395

tive in identifying and preserving the small subset 396

of visual–textual tokens that remain influential in 397

deeper layers. 398

This robustness is consistent with two observa- 399

tions. First, VL prompts typically contain a large 400

number of visually redundant tokens whose contri- 401

butions saturate early, making them suitable can- 402

didates for early halting. Second, by relying on 403

attention-branch deltas rather than heuristic im- 404

portance scores, DASH may better capture cross- 405

modal interactions that remain active across layers. 406

Full per-benchmark results are provided in Table 5 407

in the appendix. 408

4.4 End-to-End Efficiency and Accuracy 409

Trade-off 410

While the above results focus on task accuracy at 411

selected operating points, prefill-time compression 412

ultimately aims to improve end-to-end (E2E) in- 413
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Figure 7: Ablation of delta-signal choices for layer-level token halting. (a) Textual benchmarks from LONGBENCH-
E at compression ratio cr = 0.4, evaluated on QWEN2.5-7B-INSTRUCT-1M. (b) Vision–language benchmarks
evaluated on QWEN2-VL-7B with a fixed token removal ratio of 75%. Bars compare ∆Block-signal (layer-level
delta from the whole Transformer block) and ∆Attn-signal (delta from the attention branch only), where both
variants apply the same token halting mechanism and differ only in the delta signal used for decision making. The
dashed horizontal line denotes the Vanilla (no layer skipping) baseline performance for each benchmark, and the
percentage annotated above it indicates the relative performance change of the best layer-skipping variant with
respect to the Vanilla baseline.

ference efficiency. Figure 6 plots the trade-off414

between overall LONGBENCH-E score and E2E415

inference time. Because prefill dominates time-416

to-first-token in long-context settings, reductions417

in prefill FLOPs translate directly into end-to-end418

latency improvements.419

DASH occupies a favorable region of the trade-420

off curve, achieving higher accuracy at lower la-421

tency than all baselines. Under comparable E2E422

time, it outperforms FASTV by 8.5%. Conversely,423

at comparable accuracy to the uncompressed base-424

line, DASH runs 1.74× faster with only a marginal425

performance drop. These gains stem primarily426

from reduced prefill computation, while decoding427

remains unchanged across methods.428

Importantly, these improvements are not429

achieved by trading accuracy for speed in a narrow430

regime. Instead, DASH offers a smooth accuracy–431

efficiency frontier, allowing practitioners to select432

operating points that balance latency and quality433

according to deployment constraints. A detailed434

breakdown of task-wise E2E quality and efficiency435

metrics is reported in Appendix Figure 6.436

4.5 Ablation: Choice of Delta Signal for437

Token Halting438

We ablate the choice of delta signal used for token-439

level halting applied from layer ls. Specifically,440

we compare ∆block-signal, which measures rep-441

resentation change across the entire Transformer442

block, against ∆attn-signal, which isolates the con- 443

tribution from the attention branch. Both variants 444

employ identical layer-skipping mechanisms and 445

differ only in the signal used for halting decisions. 446

As shown in Figure 7(a), on textual bench- 447

marks from LONGBENCH-E at compression ra- 448

tio cr = 0.4, ∆attn-signal consistently outper- 449

forms ∆block-signal across most task categories, 450

including single- and multi-document QA, few- 451

shot learning, synthetic tasks, and code completion, 452

while maintaining comparable summarization per- 453

formance. A similar pattern is observed on vision– 454

language benchmarks (Figure 7(b)), where ∆attn- 455

signal yields higher accuracy on tasks such as GQA, 456

MMStar, OCRBench, and ChartQA. 457

These results suggest that attention-branch deltas 458

provide a more faithful indicator of token relevance 459

in deeper layers. While block-level deltas con- 460

flate attention updates with feed-forward transfor- 461

mations that may reflect local reparameterization 462

rather than contextual influence, attention deltas 463

more directly capture whether a token continues to 464

participate in global information aggregation. This 465

property makes ∆attn-signal better suited for guid- 466

ing token halting under aggressive compression. 467

5 Discussion 468

Token dynamics: a heavy-tailed view from 469

∆attn. Figure 8 provides an intuitive explanation 470

of why DASH can aggressively reduce prefill com- 471

7



Figure 8: Qualitative example from LongBench-E (MultiNews) showing that token-wise ∆attn at the decision layer
ls tends to assign higher scores to semantically informative tokens. The dashed line indicates the pruning threshold
and ellipses denote omitted tokens.

putation while retaining accuracy. At the decision472

layer ls, token-wise ∆attn exhibits a pronounced473

heavy-tailed pattern: most tokens lie in a narrow474

low-∆attn band, while only a small fraction forms475

a long tail with substantially larger updates. This476

structure naturally supports supports a natural sepa-477

ration for single-shot TopK selection at ls. Tokens478

with small ∆attn at ls are unlikely to benefit from479

further updates, so they can be halted at ls with480

minor impact, while tail tokens are retained in the481

active set. In this sense, ∆attn acts as a layer-local482

indicator of whether a token remains active in shap-483

ing attention updates beyond ls.484

Why the attention-branch delta matters. The485

ablation in Figure 7 further clarifies that not all486

delta signals are equally suitable for halting deci-487

sions. Using ∆attn-signal consistently outperforms488

the block-level alternative across both long-context489

text and vision–language benchmarks under the490

same layer-skipping mechanism. A plausible inter-491

pretation is that attention-branch deltas directly re-492

flect a token’s marginal participation in cross-token493

(and cross-modal) aggregation, whereas block-494

level deltas conflate attention updates with feed-495

forward transformations that may alter represen-496

tations without indicating continued global influ-497

ence. Combined with the heavy-tailed dynam-498

ics observed in Figure 8, this explains why ∆attn499

yields a more reliable separation between tokens500

that can be halted and tokens that should remain in501

the active set.502

Implications for robustness under aggressive503

compression. The heavy-tailed separation in Fig-504

ure 8 also sheds light on the empirical trend that505

DASH degrades more gracefully at higher reduc-506

tion ratios. When compression becomes aggressive,507

the primary failure mode is to mistakenly discard 508

the small set of tokens that carry persistent global 509

influence. A signal with clearer tail separation is 510

therefore crucial in the high-compression regime. 511

This aligns with the vision–language results in Fig- 512

ure 5, where DASH maintains a larger margin over 513

prior methods as token reduction increases. 514

From prefill savings to end-to-end gains. Fi- 515

nally, Figure 6 shows that the token-level decisions 516

guided by ∆attn translate into a favorable end-to- 517

end accuracy–latency frontier. Because DASH 518

targets prefill-time computation while keeping de- 519

coding identical, improvements in prefill efficiency 520

can be directly reflected in reduced E2E time at 521

comparable quality. Together, the qualitative ev- 522

idence in Figure 8 and the ablation in Figure 7 523

provide a coherent explanation for why DASH 524

achieves strong accuracy retention (Tables 1, 2) 525

while improving practical serving efficiency. 526

6 Conclusion 527

We introduced DASH, a training-free inference- 528

time method that reduces long-context prefill com- 529

putation via delta-attention-guided selective token 530

halting: DASH selects a compact active set at a 531

start layer ls using token-wise ∆attn and reuses it 532

in subsequent layers, while keeping decoding un- 533

changed. Our analyses further show that attention- 534

branch deltas are more reliable than block-level 535

deltas for halting decisions, and token-level visu- 536

alizations reveal a heavy-tailed ∆attn pattern that 537

separates a small set of persistently influential to- 538

kens from largely redundant ones. Overall, DASH 539

offers a practical and effective approach to acceler- 540

ating prefill for long-context and multimodal infer- 541

ence, making AI applications affordable. 542

8



Limitations543

This paper focuses on the core design and evalu-544

ation of ∆attn–guided selective token halting for545

prefill acceleration. While we benchmark DASH546

on a broad set of long-context and vision–language547

tasks, some additional ablations and per-setting re-548

sults are omitted from the main text due to space549

constraints and can be included in supplementary550

material. Moreover, we do not exhaustively ex-551

plore all model scales, architectures, or deployment552

configurations; studying these extensions and their553

interactions with system-level optimizations is left554

for future work.555
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A Theoretical FLOPs 670

A.1 Theoretical FLOPs of Single-shot Halting 671

in DASH 672

FLOPs proxy. Following FastV (Chen et al., 673

2024), we approximate the per-layer FLOPs of a 674

Transformer block (MHA + FFN) for sequence 675

length n as 676

A(n) = 4nd2 + 2n2d+ 2ndm, (4) 677

where d is the hidden size and m is the FFN inter- 678

mediate size. 679

Single-shot halting. Let L be the number of lay- 680

ers and ls the halting start layer. Under single-shot 681

halting, layers 0: ls−1 process the full sequence of 682

length n, while layers ls :L−1 reuse a fixed active 683

set with length n̂. 684

Effective kept length. All FLOPs analysis in this 685

section focuses on the prefill stage; decoding-stage 686

costs are unaffected by single-shot halting and thus 687

excluded. Our implementation always keeps a pre- 688

fix of nfirst tokens and a suffix of nlast tokens, i.e., 689

nfix = nfirst + nlast, and drops a fraction c of the 690

remaining eligible tokens. Thus, 691

n̂ = nfix+(1−c)(n−nfix) = (1−c)n+c nfix.
(5) 692

Total FLOPs, reduction, and speedup. The 693

baseline and single-shot FLOPs are 694

Cfull(n) = LA(n), (6) 695

Cours(n) = lsA(n) + (L− ls)A(n̂). (7) 696

Therefore, 697

rFLOPs(n) = 1− Cours(n)

Cfull(n)
698

= 1− lsA(n) + (L− ls)A(n̂)

LA(n)
, (8) 699

sFLOPs(n) =
Cfull(n)

Cours(n)
. (9) 700

Since A(n) contains both O(n) and O(n2) terms, 701

sFLOPs(n) depends on the input length n. 702

Instantiation (Qwen2.5-7B). We use L=28, 703

d=3584, m=18944, and ls=⌊0.4L⌋=11. With 704

nfirst=64, nlast=32 (nfix=96) and c=0.667, Eq. (5) 705

gives 706

n̂ = (1− 0.667)n+ 0.667 · 96. (10) 707
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Table 3: Theoretical FLOPs reduction and speedup
under single-shot halting for different text-only pre-
fill lengths n. We follow the per-layer FLOPs
proxy A(n) in Eq. (4) and compute rFLOPs(n) and
sFLOPs(n) using Eq. (8)–(9). We instantiate Qwen2.5-
7B-Instruct-1M with L=28, ls=⌊0.4L⌋=11, and our
implementation parameters compression_ratio =
0.667, keep_first_n = 64, keep_last_n = 32. The
kept length n̂ accounts for the fixed prefix/suffix and the
rounding in drop_target = ⌊round(c · (n − nfix))⌋,
where nfix = 96. All FLOPs and speedup numbers
correspond to the prefill stage.

n n̂ (kept) rFLOPs(n) sFLOPs(n)

8,192 2,792 43.28% 1.76×
16,384 5,520 45.49% 1.83×
32,768 10,976 47.90% 1.92×
65,536 21,888 50.09% 2.00×

131,072 43,711 51.72% 2.07×

Length dependence. Because the attention term708

in A(n) scales as O(n2), the FLOPs reduction709

and speedup are length-dependent. Table 3 re-710

ports rFLOPs(n) and sFLOPs(n) for representative711

text-only prefill lengths; notably, at n=16,384 the712

theoretical speedup is 1.83×, matching our typical713

measured setting.714

B Implementation Details715

B.1 Algorithm Pseudocode716

For completeness, we provide the pseudocode of717

DASH used in the prefill stage. The algorithm718

performs a single-shot token selection at the start719

layer ls based on the per-token delta-attn score (the720

ℓ2 norm of the pre-residual attention output), and721

reuses the resulting active set for all subsequent722

layers under a fixed pruning ratio ρ.723

B.2 Experimental Settings724

All experiments are conducted on Nvidia GPUs.725

Qwen2-VL-7B-Instruct is evaluated on image726

benchmarks using RTX A6000 (48GB). For ToMe727

and ToFu, we follow the original implementations728

with a minor modification: tokens are reduced pro-729

portionally across layers until the target sparsity is730

reached. Other baseline settings follow the original731

papers.732

C More Experimental Results733

C.1 Long-context Language Benchmarks:734

Detailed Settings and Results735

Backbone and benchmarks. We evaluate long-736

context text inference on Qwen2.5-7B-Instruct-1M737

Algorithm 1 DASH for prefill token halting with a
fixed pruning ratio
1: Input: token sequence of length T (text-only or multi-

modal), Transformer with L blocks, start layer ls, pruning
ratio ρ

2: Initialize: S1 ← {1, . . . , T} and T1 ← T
3: for l = 1 to L do
4: (Active tokens) form H(l) ∈ RTl×d by gathering

tokens indexed by Sl

5: (Pre-residual attention output) U(l) ←
Attn

(
LN(H(l))

)
6: (Block forward) H̃(l) ← H(l) +U(l)

7: H(l+1) ← H̃(l) + FFN
(
LN(H̃(l))

)
8: if l = ls then
9: ∆

(ls)
t ← ∥U(ls)

t ∥2 for t ∈ S
10: K ← ⌊(1− ρ)T ⌋
11: S⋆ ← TopK(S,K,∆(ls))
12: end if
13: if l > ls then use S⋆ as the active index set
14: end for

across LongBench-E and LooGLE, following the 738

standard evaluation protocol of each benchmark. 739

We focus on prefill-time token halting and report 740

both task performance and efficiency metrics. 741

DASH settings. DASH is activated from a fixed 742

start layer ls = 11 for all text experiments. At 743

layer ls, we compute token-wise ∆attn and select 744

a compact active set by retaining a fraction (1 − 745

ρ) of tokens (with the same token reduction ratio 746

definition used throughout the paper). The active 747

set is reused for all subsequent layers l > ls during 748

prefill. We do not prune generated tokens; however, 749

halting prompt tokens shortens the KV cache and 750

can also reduce the per-token decoding cost. 751

Baselines and text adaptations. We compare 752

DASH with representative token-compression base- 753

lines. For FASTV, we use a text-adapted variant: 754

since vanilla FastV is designed for vision–language 755

inputs and typically selects tokens based on vision- 756

heavy attention patterns, we instead derive the re- 757

tention mask from a text-only attention proxy (com- 758

puted at the designated prune layer) and apply the 759

same single-shot keep mask to all deeper prefill 760

layers. This yields a comparable prefill-time token 761

pruning policy for text without requiring access to 762

full attention matrices under FlashAttention/SDPA. 763

For SNAPKV, we adopt a token-pruning adap- 764

tation to ensure a fair comparison in the prefill- 765

compute regime: rather than post-hoc KV com- 766

pression after computing all tokens, we convert 767

SnapKV’s selection signal into a single-shot keep 768

mask at the chosen layer and physically reduce 769
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the sequence for subsequent layers (i.e., dropped770

tokens skip both attention and FFN computation771

in deeper prefill blocks). This adaptation isolates772

the effect of token dropping on prefill FLOPs and773

latency under the same token reduction ratio.774

C.2 Vision–Language Benchmarks: Detailed775

Results and Efficiency Analysis776

As summarized in Table 6, we compare DASH777

with representative advanced token compression778

methods on Qwen2-VL-7B across multiple general-779

purpose benchmarks under different compression780

ratios.781

Comparison between Different Methods:782

Across a wide range of compression ratios and783

general-purpose benchmarks, DASH consistently784

outperforms existing advanced token compres-785

sion methods, demonstrating its superior robust-786

ness under aggressive token reduction. At a moder-787

ate compression ratio of 75.00%, DASH achieves788

the highest average decline ratio (ADR) of 85.2,789

surpassing VisionZip, DART, and PruMerge+ by790

clear margins. Even under more aggressive set-791

tings, such as 88.89% compression, DASH main-792

tains a strong overall performance (ADR of 74.7),793

while other methods exhibit noticeable degradation794

across multiple benchmarks. These results indicate795

that DASH is more effective at identifying and pre-796

serving task-relevant visual tokens, enabling it to797

better balance efficiency and accuracy compared to798

prior approaches.799

Comparison between Different Compression800

Ratios: As the compression ratio increases, all801

token compression methods inevitably experience802

performance degradation; however, DASH demon-803

strates significantly more graceful degradation.804

At 93.75% compression, DASH still achieves an805

ADR of 66.7, substantially outperforming FastV,806

VisionZip, and PruMerge+, whose ADR values807

drop below 60. This trend highlights that DASH808

remains stable even when the majority of visual to-809

kens are removed, suggesting that its compression810

strategy successfully retains the most informative811

visual content under extreme constraints. The re-812

sults further suggest that naive or heuristic pruning813

strategies struggle to scale to ultra-high compres-814

sion regimes, whereas DASH maintains robustness815

across all evaluated settings.816

Comparison between Different Tasks: When817

analyzing task-level performance, we observe that818

the advantages of DASH are particularly pro-819

nounced on general-purpose benchmarks such as820

GQA, MME, and MMStar, where global visual 821

information is often sufficient for correct reason- 822

ing. However, on tasks requiring fine-grained vi- 823

sual understanding—most notably OCRBench and 824

ChartQA—the performance gap between DASH 825

and other advanced methods narrows. This observa- 826

tion is highly informative: while DASH effectively 827

preserves globally salient visual cues, tasks involv- 828

ing dense text, precise numerical values, or struc- 829

tured visual layouts place higher demands on fine- 830

grained local information. Nonetheless, even under 831

these challenging conditions, DASH remains com- 832

petitive, indicating that its token selection mecha- 833

nism captures both global and selectively important 834

local features. 835

Overall, the comparisons across methods, com- 836

pression ratios, and task types provide compelling 837

evidence that DASH achieves a more favorable 838

accuracy–efficiency trade-off than existing to- 839

ken compression approaches. The consistent per- 840

formance gains of DASH stem not from aggressive 841

preservation of visual detail, but from its ability to 842

adaptively retain the most informative tokens for a 843

given input. These findings also suggest that cur- 844

rent general-purpose benchmarks predominantly re- 845

ward global visual understanding, while more fine- 846

grained tasks reveal the complementary strengths 847

of sophisticated token compression strategies. 848

We evaluate inference efficiency on MMBench- 849

EN by reporting total GPU latency and prefilling 850

latency, together with FLOPs and KV cache usage 851

(Table 7). Our method achieves a favorable bal- 852

ance between accuracy and efficiency under both 853

pruning settings. When retaining 35% tokens in 854

both the ViT and LLM stages, our latency drops 855

to 60.8% of the vanilla baseline (prefill latency 856

54.8%), while maintaining competitive accuracy 857

(77.5) compared with representative LLM-stage 858

methods such as FastV, V2Drop, and DART. Un- 859

der the more aggressive setting (ViT retain 20% 860

/ LLM retain 20%), our approach further reduces 861

latency to 51.7% (prefill 52.1%), with an accuracy 862

of 73.9, showing a substantially improved speed– 863

accuracy trade-off over ViT-stage pruning baselines 864

(e.g., DART(ViT), ToMe, and ToFu) which achieve 865

lower accuracy despite comparable or higher la- 866

tency. 867

We also observe that prefilling latency gener- 868

ally decreases in tandem with total latency, indi- 869

cating that the proposed pruning strategy effec- 870

tively reduces the dominant computation in the 871

prefilling stage. While ViT-stage methods tend 872
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to achieve larger reductions in FLOPs, they often873

incur sharper accuracy degradation, whereas LLM-874

stage methods provide limited additional speedup875

once the runtime approaches a plateau. Moreover,876

our method retains more LLM tokens than pure877

ViT-stage pruning approaches and thus exhibits878

a relatively larger KV cache footprint; neverthe-879

less, this overhead remains moderate and practical880

for deployment. Finally, the results suggest that881

FLOPs alone do not reliably predict end-to-end882

GPU latency, as methods with similar FLOPs can883

lead to noticeably different inference times due to884

kernel efficiency and memory behavior.885
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Table 4: LongBench-E quality (Score) and efficiency relative to Qwen2.5-7B-Instruct-1M, including prefill,
decoding, end-to-end latency, throughput, and peak GPU memory. Bold denotes the best compressed-model result,
and underline denotes the second best (excluding the original model).

Score Efficiency vs. Full (↑)

Method D1 D2 D3 Avg Prefill Gen. Total Thrpt. Mem.

Single-Document QA (Datasets: qasper_e, multifieldqa_en_e)

Qwen2.5-7B-Instruct-1M 44.19 51.13 – 47.66 1.00× 1.00× 1.00× 1.00× 1.00×
+ LLMLingua2 40.41 42.91 – 41.66 1.24× 0.74× 0.77× 0.77× 0.92×
+ SnapKV 40.46 45.77 – 43.11 1.02× 1.10× 1.02× 1.01× 1.01×
+ SnapKV (pr.) 38.14 42.98 – 40.56 1.23× 1.37× 1.26× 1.26× 1.01×
+ D3 40.18 44.49 – 42.33 1.14× 1.24× 1.12× 1.12× 1.00×
+ DASH (ours) 40.58 49.38 – 44.98 1.72× 1.56× 1.56× 1.56× 1.02×

Multi-Document QA (Datasets: hotpotqa_e, 2wikimqa_e)

Qwen2.5-7B-Instruct-1M 62.97 51.07 – 57.02 1.00× 1.00× 1.00× 1.00× 1.00×
+ LLMLingua2 51.58 43.29 – 47.44 1.32× 0.80× 0.73× 0.73× 0.92×
+ SnapKV (pr.) 61.54 48.31 – 54.93 1.30× 1.51× 1.18× 1.18× 1.01×
+ D3 60.95 50.16 – 55.56 1.17× 1.34× 1.00× 1.00× 1.00×
+ DASH (ours) 61.00 48.03 – 54.52 1.74× 1.74× 1.45× 1.45× 1.02×

Summarization (Datasets: gov_report_e, multi_news_e)

Qwen2.5-7B-Instruct-1M 6.97 6.57 – 6.77 1.00× 1.00× 1.00× 1.00× 1.00×
+ LLMLingua2 6.44 6.41 – 6.42 1.47× 0.74× 0.80× 0.80× 0.96×
+ SnapKV (pr.) 7.00 6.70 – 6.85 1.27× 1.18× 1.11× 1.11× 1.03×
+ D3 6.19 6.01 – 6.10 1.26× 1.10× 1.06× 1.06× 1.00×
+ DASH (ours) 7.01 6.47 – 6.74 1.89× 1.19× 1.28× 1.28× 1.03×

Few-shot Learning (Datasets: trec_e, triviaqa_e, samsum_e)

Qwen2.5-7B-Instruct-1M 65.00 85.75 32.95 45.93 1.00× 1.00× 1.00× 1.00× 1.00×
+ LLMLingua2 61.67 80.87 32.53 43.77 1.47× 0.80× 0.79× 0.79× 0.97×
+ SnapKV (pr.) 63.67 85.25 30.87 44.95 1.21× 1.21× 1.03× 1.03× 1.03×
+ D3 64.67 85.01 27.14 44.21 1.21× 1.19× 1.01× 1.01× 1.00×
+ DASH (ours) 59.00 84.21 31.82 43.76 1.82× 1.53× 1.37× 1.37× 1.02×

Synthetic Task (Datasets: PassageCount_e, PassageRetrieval_en_e)

Qwen2.5-7B-Instruct-1M 15.00 99.33 – 57.17 1.00× 1.00× 1.00× 1.00× 1.00×
+ LLMLingua2 6.33 99.00 – 52.67 1.36× 0.85× 0.74× 0.74× 0.92×
+ SnapKV (pr.) 16.60 97.67 – 57.14 1.31× 1.55× 1.10× 1.10× 1.01×
+ D3 15.00 99.33 – 57.17 1.16× 1.32× 0.99× 0.99× 1.00×
+ DASH (ours) 16.67 98.00 – 57.34 1.74× 1.87× 1.41× 1.41× 1.02×

Code Completion (Datasets: lcc_e, RepoBench-P_e)

Qwen2.5-7B-Instruct-1M 59.86 54.52 – 57.19 1.00× 1.00× 1.00× 1.00× 1.00×
+ LLMLingua2 49.64 53.05 – 51.35 1.53× 0.67× 0.84× 0.84× 0.97×
+ SnapKV (pr.) 51.89 49.37 – 50.63 1.39× 1.15× 1.19× 1.19× 1.04×
+ D3 45.54 40.34 – 42.94 1.20× 1.04× 1.09× 1.09× 1.00×
+ DASH (ours) 54.58 51.14 – 52.86 1.86× 1.25× 1.40× 1.46× 1.04×
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Table 5: Comparison of Advanced Token Compression Methods on Qwen2-VL-7B. ADR refers to the average
decline ratio, which is the average value of the decline ratio of each benchmark (computed over GQA, MME, POPE,
MMStar, OCRBench, ChartQA).

Method GQA MME POPE MMStar OCRBench ChartQA ADR

Qwen2-VL-7B Upper Bound. All Tokens (100%)

Vanilla 62.3 2306 88.4 57.1 80.7 81.6 100.0

Qwen2-VL-7B Token Reduction (↓ 75.00%)

+ FastV 57.3 2101 83.7 44.8 41.8 58.9 80.0
+ VisionZip 58.6 2058 86.8 47.1 42.5 66.2 83.0
+ PruMerge+ 59.1 2044 87.2 48.1 34.2 55.8 79.5
+ DART 57.1 2056 84.8 46.9 52.0 53.1 81.4
+ DASH (ours) 59.8 2109 83.5 55.4 44.6 62.6 85.2

Qwen2-VL-7B Token Reduction (↓ 88.89%)

+ FastV 52.1 1866 77.5 40.2 26.1 33.2 65.9
+ VisionZip 53.3 1819 83.3 40.3 24.7 47.9 69.8
+ PruMerge+ 54.5 1794 84.1 38.5 22.4 44.5 68.4
+ DART 52.0 1903 80.2 39.4 41.2 31.0 69.1
+ DASH (ours) 53.9 1928 78.3 43.4 41.3 50.7 74.7

Qwen2-VL-7B Token Reduction (↓ 93.75%)

+ FastV 49.2 1693 75.0 37.4 18.9 21.1 58.7
+ VisionZip 49.0 1704 80.1 35.3 15.7 27.5 59.7
+ PruMerge+ 48.7 1668 79.2 33.4 14.3 30.2 58.9
+ DART 49.0 1774 78.2 33.2 34.0 19.8 61.4
+ DASH (ours) 53.9 1901 78.3 40.4 32.5 25.7 66.7

Table 6: Comparison of methods on Qwen2-VL. Avg. Acc. denotes the average percentage of performance relative
to Vanilla.

Methods GQA MME POPE SEED VQAtext OCRBench Avg. Acc.

Vanilla 61.5 2319 89.0 76.6 82.1 80.3 100%

ViT retain 50% tokens / LLM retain 50% tokens

DART (ViT) 56.8 2113 84.2 68.7 63.6 46.9 87.2%
ToMe 58.9 2007 88.2 72.8 61.1 39.1 86.2%
ToFu 59.1 1933 88.1 73.2 60.6 76.7 92.0%
DASH(ours) 59.1 2116 81.9 70.9 74.7 60.0 97.8%

ViT retain 35% tokens / LLM retain 35% tokens

DART (ViT) 55.2 1968 81.1 64.3 59.0 41.1 82.3%
ToMe 58.3 1842 87.4 71.5 55.5 30.4 82.3%
ToFu 58.6 1839 87.7 71.7 56.4 31.4 82.9%
DASH(ours) 55.4 1987 81.7 68.2 59.3 39.1 94.9%
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Table 7: Inference efficiency comparison on MMBench-EN. Latency columns show relative percentage (normalized
to Vanilla=100%).

Methods Latency↓ Prefill Latency↓ FLOPs↓ KV Cache↓ Accuracy↑
(%) (%) (TFLOPs) (MB) (MMB)

Vanilla 100.0% 100.0% 31.9 76.6 80.5

ViT retain 35% tokens / LLM retain 35% tokens

DART (ViT) 67.1% 58.0% 11.7 29.7 70.6
ToMe 65.9% 54.2% 12.0 30.4 72.6
ToFu 67.5% 54.1% 12.3 29.6 73.9
FastV 82.1% 74.3% 19.5 32.6 80.0
V2Drop 81.3% 74.6% 21.9 39.0 79.9
SparseVLM 106.6% 94.8% 18.8 29.8 80.4
DART 82.4% 78.6% 20.6 34.5 79.7
DASH(Ours) 70.6% 74.8% 13.1 35.6 77.5

ViT retain 20% tokens / LLM retain 20% tokens

DART (ViT) 53.0% 53.8% 7.6 19.0 63.9
ToMe 60.9% 53.2% 8.2 19.6 66.8
ToFu 57.3% 53.0% 8.4 19.1 67.7
FastV 76.6% 65.3% 17.0 23.0 77.4
V2Drop 74.2% 68.0% 18.8 27.6 78.1
SparseVLM 92.4% 80.7% 16.4 20.6 79.2
DART 75.0% 74.7% 18.0 25.0 77.8
DASH(Ours) 61.6% 62.5% 12.6 20.2 73.9
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