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Abstract001

Large language models have achieved state-002
of-the-art performance across a wide range of003
NLP tasks, but their deployment is constrained004
by the attention mechanism’s quadratic scal-005
ing with sequence length, leading to extensive006
memory requirements. We propose Consen-007
sus Sparse Attention (CSA), an efficient and008
lightweight optimization method that enhances009
attention calculation performance while main-010
taining model accuracy, without requiring ad-011
ditional post-training. CSA determines a few012
representative attention heads to identify a con-013
sensus set of salient tokens. These selected014
tokens are then shared across all remaining015
heads. This mechanism significantly reduces016
both computational cost and memory consump-017
tion while preserving the model’s contextual018
understanding and information. CSA integrates019
seamlessly into existing attention architectures020
and requires no further adaptation. Experimen-021
tally, CSA delivers 2× inference speedup and022
50% lower peak memory usage while maintain-023
ing 99.7% accuracy on LLaMA-3, 99.8% on024
Qwen2, and 99% on the Needle In A Haystack025
benchmark for long-context understanding.026

1 Introduction027

Large Language Models (LLMs) have achieved im-028

pressive performance across a broad spectrum of029

challenging tasks, owing to their ability to model030

complex dependencies and relationships between031

tokens (i.e., embedded data) (Zhao et al., 2023;032

Chang et al., 2024). Their capabilities extend to033

diverse applications, including multimodal integra-034

tion (Cha et al., 2024), relation extraction (Wan035

et al., 2023), code generation (Zhong and Wang,036

2024), and agent-based decision-making (Li et al.,037

2023).038

Despite these advances, the dense attention039

mechanism at the core of LLMs remains a signif-040

icant barrier to efficient deployment. Its compu-041

tational and memory complexity scales quadrati-042

cally with input sequence length, leading to pro- 043

hibitive costs as model size and input sequences 044

increase. To mitigate this issue, prior work has 045

explored various sparse attention mechanisms, in- 046

cluding Local (Child et al., 2019), Global (Beltagy 047

et al., 2020), Hybrid (Zaheer et al., 2020), Predicted 048

Token Dominated (Tang et al., 2024), and Explicit 049

Sparse Transformers (Zhao et al., 2019). 050

While these methods exploit the observation that 051

attention scores are often concentrated on a small 052

subset of tokens, many still rely on computing 053

full attention scores or require model post-training, 054

limiting their efficiency in practice. For example, 055

SparQ (Ribar et al., 2023) selects the top-r compo- 056

nents of each query vector to extract corresponding 057

components from the salient tokens along the hid- 058

den dimension, thereby effectively approximating 059

the attention scores. While this compression re- 060

duces computational overhead, the resulting atten- 061

tion matrix still retains the same shape [b, h, s, s] as 062

in dense attention, offering limited improvements 063

in terms of peak memory usage. 064

Our approach is motivated by the empirical in- 065

sight that multiple attention heads often focus on 066

the same subset of certain tokens. Specifically, 067

these particular tokens consistently receive high 068

attention scores across different heads, suggesting 069

a shared notion of salience, illustrated in Figure 1. 070

Building on this finding and motivation, we pro- 071

pose Consensus Sparse Attention (CSA), a novel 072

mechanism for multi-head attention. CSA com- 073

putes attention scores first using a small subset of 074

g selected representative heads to identify a con- 075

sensus set of salient tokens, which are then used by 076

the remaining heads to finish individual attention 077

scores. By restricting attention score computation 078

to only [b, g, s, s] shape (where g ≪ h), CSA ef- 079

fectively reduces both computational cost and peak 080

memory usage in the attention layer. On standard 081

benchmark evaluations, CSA achieves 2x inference 082

speedup and 50% reduction in peak memory usage 083
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Figure 1: The figure presents the distribution of token
occurrences for k = 4 (left) and k = 16 (right). Each
bar represents the number of occurrences for a top k
token index. The shared y-axis indicates the frequency
of token occurrences, facilitating a direct comparison
between the two k values.

during attention computation. CSA can also seam-084

lessly integrate into existing attention-based model085

structures without any post-training and without086

sacrificing model accuracy, such as maintaining087

99.7% accuracy on LLaMA-3, 99.8% on Qwen2,088

and 99% accuracy on long-context understanding.089

In summary, our contributions are as follows:090

• We uncover a consistent consensus among at-091

tention heads in selecting salient tokens and092

validate this phenomenon through empirical093

analysis.094

• We propose Consensus Sparse Attention095

(CSA), a novel attention mechanism that is096

fully compatible with existing Transformer ar-097

chitectures. CSA significantly reduces compu-098

tational and memory costs during the attention099

score computation stage.100

• We evaluate CSA through extensive experi-101

ments, showing that it outperforms existing102

baselines and validating its effectiveness.103

2 Related Work104

Both SparQ and CSA aim to avoid the full compu-105

tation of attention scores. Therefore, we introduced106

SparQ for a horizontal comparison and used top-p107

as the theoretical upper limit for comparison with108

SparQ and CSA.109

2.1 Efficient LLMs Inference110

LLMs usually require a higher inference cost when111

processing large amounts of queries, which poses112

a huge challenge for their deployment. To im-113

prove the inference efficiency of LLMs, some cur-114

rent works optimize two important parts in the115

model, Feed Forward Network (FFN)(Zhang et al.,116

2021; Gao et al., 2022; Komatsuzaki et al., 2022)117

and Attention Operation(Shazeer, 2019; Ainslie118

et al., 2023; Ma et al., 2021), by designing effi-119

cient structures or strategies. Some other works120

consider applying classical scheduling strategies in 121

the query batching process to handle asynchronous 122

queries more quickly, such as FCFS(Yu et al., 123

2022), Multi-Level Feedback Queue(Wu et al., 124

2023) and Continuous Batching(Kwon et al., 2023). 125

Besides, in model compression, quantization is a 126

commonly used method. It reduces the computa- 127

tional and memory costs of LLMs by converting 128

model weights and activations from high to low 129

bit-widths, such as GPTQ(Frantar et al., 2022) min- 130

imizes the difference in model output before and 131

after quantization by using a small portion of cal- 132

ibration data for the weight matrix of each layer, 133

AWQ(Lin et al., 2024)selects salient weights based 134

on the activation distribution. Also, some meth- 135

ods (Frantar and Alistarh, 2023; Sun et al., 2023; 136

Kurtic et al., 2022) prune the model parameters, 137

or (Gu et al., 2023; Hsieh et al., 2023; Shridhar 138

et al., 2022) compress the model volume by dis- 139

tilling knowledge into a smaller one. The method 140

studied in this paper is closely related to sparsity in 141

model compression and focuses on the bottleneck 142

of dense self-attention in the inference process. 143

2.2 Sparse Attention Compression 144

Due to the sparsity of the self-attention matrix, ex- 145

tracting the important parts from it has always been 146

an active research field. For example, methods 147

like Local(Child et al., 2019; Ren et al., 2021), 148

Global(Beltagy et al., 2020), Hybrid(Zaheer et al., 149

2020) improve the computational efficiency of 150

attention scores by choosing random, adjacent 151

or specially marked tokens during long context 152

processing. LM-Infinite(Han et al., 2023) and 153

StreamingLLM(Xiao et al., 2023) adopt some fixed 154

sparse patterns to select the latest and important to- 155

kens. Explicit sparse transformer(Zhao et al., 2019) 156

and FlexGen(Sheng et al., 2023) identify important 157

tokens through the attention scores and Tang et 158

al.(Tang et al., 2024) link the selection of impor- 159

tant attention scores and the currently predicted 160

token together. GQA(Ainslie et al., 2023) groups 161

the query heads and shares the parameters of key 162

heads and value heads within each group. Unlike 163

GQA, DHA(Chen et al., 2024) decouples key heads 164

and value heads and allocates different numbers of 165

key heads and value heads across different layers 166

to achieve a better balance between performance 167

and efficiency. DejaVu(Liu et al., 2023) predicts 168

efficient heads in layer L+1 based on observations 169

from layer L. CHAI(Agarwal et al., 2024) clusters 170

similar heads and replaces all heads in a cluster 171
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Figure 2: Subfigure (a) QHR Matrix illustrates the QHR scores between any two attention heads. Subfigure
(b)presents the distribution of Cumulative Distribution Function (CDF) scores for the top salient tokens at sequence
lengths of 128 and 2048. Subfigure (c) demonstrates the results of community division and the selection of
representative attention heads; the size of each node indicates its in-degree.The directed edges represent that the
destination node has an advantage over the source node in terms of being among the top p tokens.

with a single representative head. Both approaches172

perform pruning at the attention head level. That173

means in these methods, only a limited number of174

heads contribute to the final attention score calcula-175

tion with all input tokens. Meanwhile, the eviction176

strategy maintains a certain size by continuously177

deleting irrelevant tokens. H2O(Zhang et al., 2024)178

maintains a budget space of size k by accumulat-179

ing historical attention weight scores. TOVA(Oren180

et al., 2024) discards tokens with lower attention181

scores based on the current query. SparQ(Ribar182

et al., 2023) reduces the memory bandwidth during183

the computation process by selecting salient query184

tokens before computing the attention weights.185

FastGen(Ge et al., 2023) formulates separate com-186

pression strategies for them respectively based on187

the observation of different heads. Unlike the afore-188

mentioned methods, our approach achieves sparse189

attention by leveraging the consensus among atten-190

tion heads on certain salient tokens.191

3 Motivation192

In well-trained Transformer-based models, it is193

commonly observed that most tokens receive negli-194

gible attention scores, whereas only a small subset195

consistently captures high attention. As shown in196

Figure 1, attention heads are concentrated on a197

few salient tokens , with stronger concentration for198

more salient tokens, suggesting that these tokens199

have a large impact on the model’s output. Figure200

2b also supports that the attention distribution in201

dense models, such as LLaMA-3, is heavily skewed202

toward a small number of tokens. These findings203

indicate that focusing solely on these salient tokens204

might suffice to preserve essential contextual infor-205

mation, thereby maintaining the model’s accuracy. 206

Challenges with Top-k Token Selection. Existing 207

approaches such as Explicit Sparse Transformer 208

(Zhao et al., 2019) and SparQ (Ribar et al., 2023) 209

improve inference efficiency by replacing the dense 210

attention mechanism with sparse attention that se- 211

lects the Top-k salient tokens based on attention 212

scores. While effective in reducing computation, 213

this fixed-size selection strategy becomes problem- 214

atic as input sequence length increases. As illus- 215

trated in Figure 2b, when input sequence length 216

increases from 128 to 2048, attention scores over 217

the Top-32 or Top-64 token selection methods be- 218

come more diffuse. This means that selected Top-k 219

tokens capture a smaller proportion of total atten- 220

tion, diminishing their utility. Simply increasing k 221

does not solve this issue, as the score distribution 222

continues to flatten with longer sequences. This 223

makes Top-k selection methods less suitable for 224

long-context scenarios. 225

Advantages of Top-p Token Selection. To ad- 226

dress the limitations of fixed size in Top-k selec- 227

tions, we explore a percentage-based alternative 228

- the Top-p method. Instead of selecting a fixed 229

number of tokens, Top-p dynamically selects a pro- 230

portion of salient tokens based on attention scores. 231

This adaptive approach better preserves overall 232

attention scores across varying sequence lengths. 233

As shown in Figure 2b, Top-p (p=10%) selection 234

method maintains a stable distribution of attention 235

scores, even as sequence length scales from 128 236

to 2048. By selecting a proportional rather than 237

a fixed-size number of salient tokens, the model 238

retains the most contextual information more effec- 239

tively. 240
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4 Our Approach241

Traditional Top-p sparse attention methods typi-242

cally require computing the full attention matrix243

before selecting the Top-p proportion of salient to-244

kens with the highest scores. While this reduces245

the number of attended tokens, it does not elim-246

inate the overhead of computing dense attention247

scores, which remain a major bottleneck in both248

computation and memory usage.249

In contrast, our proposed method - Consensus250

Sparse Attention (CSA) - eliminates the need to251

compute the full attention scores. In each atten-252

tion layer, by computing attention for only a small253

number of representative heads, CSA predicts the254

indices of high-importance salient tokens that are255

then shared across all heads. This consensus-driven256

approach allows us to preselect Top-p salient to-257

kens efficiently, significantly reducing computa-258

tional and memory costs while preserving model259

performance.260

Attention Scores Remaining Heads

Consensus Scores

Representative Heads

Token IDs

[392, 20, 168, …, 928]

Sparse Pattern
Propagation

Heads

Community Initialization

Consensus
Scores Voting

Representative Token IDs
[392, 20, 168, 823, …, 928]

Gather Token IDs

Offline Process

Online Process

The representative tokens are a
small set purposely selected
for calculating attention scores.

The Representative heads and Remaining
heads in each community are divided by

reading the Configuration File.
i

i

Figure 3: CSA Workflow.

4.1 Consensus Sparse Attention261

The rationale of CSA is to reduce attention com-262

putation by exploiting redundancy across attention263

heads. CSA first categorizes attention heads into264

Communities based on their similarity in attention265

behavior. Within each community, a small number266

of representative heads (denoted as gi) are selected267

to predict the token indices based on consensus268

scores for the others.269

These representative heads are used to identify a270

shared set of salient tokens, which are then propa-271

gated to the remaining heads in the same commu-272

nity. Instead of computing full attention scores indi-273

vidually for every head on every token, this strategy274

allows CSA to only compute attention scores on275

limited salient tokens, thereby significantly reduc-276

ing computational overhead and memory usage,277

especially in lone-sequence scenarios.278

Algorithm 1 Consensus Sparse Attention

Input: Q,K,V ∈ Rb×h×s×d, Selection Parameters p,
Head Community C

Output: Attention output O ∈ Rb×h×s×d

1: Initialize output tensor O
2: for each community c ∈ C do
3: Categorize heads of community c into the representa-

tive gi heads and the remaining hc−gi heads
4: Extract Qgi ,Kgi from representative heads

5: Sgi ← softmax

(
Qgi

K⊤
gi√

d
+Mask

)
6: Ogi ← SgiVgi [: p]
7: Sgi ← Sgi ⊙Maskp /* mask non Top-p tokens (step 2 in

Fig 3) */
8: Ŝc ←

∑
gi
Sgi /* consensus scores voting (step 3 in Fig 3) */

9: Pselect ← topp(Ŝc) /* find Top-p indices (step 4 in Fig 3) */

10: Kc−gi ,Vc−gi ← gather(Pselect) /* step 5 in Fig 3 */

11: Sc−gi ← softmax

(
Qc−gi

K⊤
c−gi√

d

)
12: O← O+ Sc−giVc−gi +Ogi /* step 6 in Fig 3 */
13: end for
14: return O

As illustrated in Figure 3, CSA consists of the 279

following five primary phases: 280

1. Community Initialization: Community ini- 281

tialization reads the community information 282

required by the CSA online process from an 283

offline-generated configuration file. The gen- 284

eration of the configuration file, as shown 285

in Figure 4, primarily consists of two parts: 286

Head Community Clustering and Representa- 287

tive Heads Selection. 288

(a) Head Community Clustering: Differ- 289

ent attention heads often exhibit simi- 290

lar behavior, tending to focus on simi- 291

lar contextual information. To exploit 292

this redundancy, CSA groups attention 293

heads into communities based on their 294

similarity, identified using a clustering 295

algorithm (in §4.2). 296

(b) Representative Heads Selection: In 297

each community, a subset of heads is des- 298

ignated as representative heads (in §4.3). 299

These representative heads are respon- 300

sible for identifying high-importance 301

salient token indices, which are then 302

shared with the remaining heads in the 303

community, thereby reducing computa- 304

tional effort without compromising per- 305

formance. 306

2. Consensus Scores Voting: To enforce spar- 307

sity, CSA masks the non Top-p elements/to- 308

kens in the attention matrices of the repre- 309

sentative heads, thereby generating Top-p vot- 310
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ing scores for each attention head (line 7 in311

Algorithm 1). The masked scores from all312

representative heads are then aggregated to313

produce a consensus score matrix, effectively314

highlighting tokens that receive consistently315

high attention (line 8).316

3. Sparse Pattern Propagation: CSA uses the317

consensus scores to identify the Top-p indices318

with the highest aggregated attention (lines319

9–10 in Algorithm 1). These selected indices320

define the sparse attention patterns, which321

are subsequently propagated to the remaining322

heads through salient tokens selection.323

4. Attention Computation: The remaining324

heads compute attention exclusively using325

the selected salient tokens (line 12 in Algo-326

rithm 1). The final output is obtained by com-327

bining the results from both the representative328

and remaining heads.329

Algorithm 2 Representative Heads Selection
Input: Query I , Attention Heads h, the Number of Represen-

tative Heads g
Output: Representative Heads RH
1: Compute QHRI(hm, hn);m ̸= n

/* (hm, hn) is a pair of headm and headn */
2: Build a directed graph G with size(h) nodes using QHR

output as weight
3: C ←− f(G) /* f is Spectral Clustering */
4: for each community c ∈ C do
5: gc ←− size(c)//size(h) ∗ g

/* gc represents the number of representative heads in community c */
6: Hselected ←− ∅
7: while size(Hselected) < gc do
8: vmax ←− argmax{v∈G}in_degree(v)

/* vmax is the node with the highest in-degree */
9: G←− G\vmax /* remove vmax and its incident edges */

10: Hselected ←− Hselected + {vmax}
11: end while
12: RH ←− RH + {(c,Hselected)}
13: end for·
14: return RH

4.2 Head Community Clustering330

Considering all attention heads collectively can331

introduce representational biases. As shown in Fig-332

ure 2c, we constructed a directed graph (details in333

§4.3) to represent the inferred relationships among334

different attention heads. Each node corresponds335

to an attention head hm, and its directed edges336

point to the attention heads hn that most accurately337

predict its salient tokens, certain sections of the338

directed graph are structurally independent from339

others. Therefore, when selecting representative340

nodes for these different sections, the nodes (i.e.,341
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Figure 4: CSA Offline Process Workflow.

attention heads) from the other sections should be 342

excluded. To improve selection accuracy, we apply 343

the Spectral Clustering Algorithm(Pedregosa et al., 344

2011) to detect communities, grouping all attention 345

heads into distinct communities C. 346

4.3 Representative Heads Selection 347

CSA adopts an adaptive method for selecting rep- 348

resentative heads by leveraging prior knowledge 349

of different input queries. Specifically, given an 350

input query I , we define a metric called Query 351

Hit Rate (QHR), denoted as QHRI(hm,hn). This 352

metric quantifies the weighted accuracy of using 353

the Top-p salient tokens from attention head hn 354

to predict the high-importance salient tokens of 355

attention head hm for the query I . The QHR ef- 356

fectively measures the predictive capability of hn 357

in capturing the salient tokens identified by hm. A 358

higher value of QHR(hm,hn) indicates that hn is 359

more effective at inferring the important tokens of 360

hm compared to other attention heads, suggesting 361

that hn can be considered a representative head for 362

hm. The calculation of QHRi(hm, hn) is detailed 363

in Equation 1.The derivation is provided in A.3. 364

QHRI(hm,hn) =
1

|I|

i∑
i∈I

s∑
s∈M(hn,p,i)

(
1

GetRank(s, hm, i)
)t

(1) 365

Where M returns the indices of the Top-p salient 366

tokens with the highest attention scores for a 367

given token i in attention head hn. The function 368

GetRank retrieves the rank of the attention scores 369

for the salient token at index s among all salient 370

tokens in attention head hm. Additionally, t serves 371

as a temperature parameter to smooth the influence 372

of the ranking order, balancing the impact of token 373

ranking in the calculation. 374
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After calculating the QHR matrix(line 1 in Algo-375

rithm 2), we identify the most representative heads376

for each attention head hm by selecting the j heads377

with the highest QHR values. These selected heads378

statistically best represent hm. To model this rela-379

tionship, we construct a directed graph by drawing380

j directed edges from hm to the selected heads(line381

2 in Algorithm 2), as illustrated in Figure 2c.382

In this graph, certain nodes naturally accumulate383

a higher in-degree than others, indicating that they384

are recognized as representative attention heads by385

a larger number of nodes. To identify the most influ-386

ential heads, we first select the attention head node387

with the highest in-degree and remove it from the388

community, along with its associated edges. This389

process is repeated iteratively until the required390

number of representative heads is obtained for each391

community(line 7-10 in Algorithm 2). Finally, we392

select the g attention heads based on descending393

in-degree. These g heads are deemed the repre-394

sentative attention heads. The complete selection395

procedure is described in Algorithm 2.396

To ensure that the representative heads effec-397

tively capture long-context information, each com-398

munity is proportionally assigned gi representative399

heads, guaranteeing that representatives are dis-400

tributed across all communities.401

4.4 Complexity Analysis402

Computational Complexity. The standard atten-403

tion mechanism primarily involves QKT Matrix404

Multiplication and Value Projection. The QKT405

includes O(2bhs2d) operations for [b, h, s, d] ×406

[b, h, d, s] tensor contraction. The Value Pro-407

jection also includes O(2bhs2d) operations for408

[b, h, s, s]× [b, h, s, d] tensor product. In total, it is409

O(4bhs2d).410

The CSA attention mechanism introduces a411

sparse-based calculation, reducing the computa-412

tional complexity. For QKT, CSA experiences413

O(2bgs2d) and O(2b(h − g)ps2d) operations for414

representative and remaining heads, respectively.415

For Value Projection, CSA reduces to O(2bhps2d)416

operations. The total operations in CSA are417

O(2bgs2d+ 2b(h− g)ps2d+ 2bhps2d).418

Due to g << h and p being a percentage less419

than 1, CSA reduces computational cost by a factor420

of g+(h−g)p+hp
2h . For example, when h is 32, g is 8,421

and p=0.1, it saves 79%.422

Memory Complexity. Memory constraints are423

a major barrier to deploying LLMs in resource-424

limited environments. CSA addresses this chal- 425

lenge by leveraging sparsity in its attention calcu- 426

lation, significantly reducing peak memory usage 427

during the attention computation process. In the 428

default attention mechanism, the peak memory us- 429

age is O(bhs2) for storing the full attention matrix 430

[b, h, s, s]. CSA reduces the peak memory usage to 431

O(max(bgs2, b(h−g)ps2)) where O(bgs2) mem- 432

ory is for representative heads and O(b(h− g)ps2) 433

the remaining heads. 434

Typically, g > (h− g)p holds. CSA can reduce 435

the peak memory by a factor of
g

h
through bgs2

bhs2
. 436

5 Evaluation 437

We address the following research questions in our 438

experiments: 439

• RQ1: How does the CSA method perform 440

compared to baseline approaches across vari- 441

ous NLP tasks and model scales? 442

• RQ2: To what extent do the Representative 443

Heads Selection and Heads Community Clus- 444

tering mechanisms contribute to the effective- 445

ness of CSA? 446

• RQ3: Can CSA maintain consistent perfor- 447

mance as the input sequence length increases? 448

• RQ4: Does CSA offer substantial improve- 449

ments in inference speed and memory effi- 450

ciency? 451

5.1 Environment Setting 452

We assess memory and time for various batch sizes 453

and sequence lengths on core matrix computations 454

with aligned PyTorch implementations (see §A.4). 455

Benchmark Suites. To evaluate CSA in NLP tasks, 456

we use the OpenCompass(Contributors, 2023) 457

framework: MMLU(Hendrycks et al., 2020) and 458

Ceval(Huang et al., 2023) assess language capabili- 459

ties, HumanEval(Chen et al., 2021) assesses coding, 460

GSM8K(Cobbe et al., 2021) evaluates math reason- 461

ing, TriviaQA(Joshi et al., 2017) checks knowl- 462

edge, SQuAD2.0 tests reading comprehension, and 463

’needle-in-a-haystack’(Li et al., 2024) handles long- 464

text processing. 465

Models. We tested the CSA on popular open- 466

source models like Qwen2 14B-Chat(Yang et al., 467

2024), LLaMA-3-8B-Chat(Grattafiori et al., 2024), 468

and LLaMA-3-70B-Chat(Grattafiori et al., 2024). 469

For long-text experiments, we used the ChatGLM- 470

6B-32k(GLM et al., 2024) model, specifically 471

trained for this purpose. 472
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Baselines. We selected vanilla Top-p and SparQ473

(Ribar et al., 2023) as baseline methods. SparQ ap-474

proximates attention scores by selecting key vector475

components and then identifies salient tokens based476

on these approximated scores. Note: To ensure a477

fair comparison, we modified SparQ to use a Top-p478

method like CSA and enabled it to function in the479

prefilling stage, as CSA supports both stages.480

5.2 Results481

5.2.1 Performance on NLP Tasks (RQ1)482

Table 1 presents the performance of CSA under483

the condition of p = 0.1 across various model484

sizes. The experimental results demonstrate that485

CSA consistently outperforms the baselines across486

almost all datasets, closely approaches the theoreti-487

cal upper bound of the Top-p method, and performs488

comparably to the dense model. Remarkably, on489

certain datasets, our method even surpasses the490

dense model. We attribute this improvement to491

the Top-p mechanism, which effectively filters out492

low-attention tokens, thereby concentrating atten-493

tion on more relevant tokens and enhancing model494

performance.495

Additionally, Table 2 presents a comparison of496

baseline methods on the PIQA and HellaSwag497

datasets, demonstrating that CSA maintains the498

original accuracy performance without any degra-499

dation.500

5.2.2 Representative Heads Selection (RQ2)501

We evaluated CSA’s representative head selection502

against random selection. Table 3 shows CSA503

consistently outperforms random selection, with504

Figure 5 revealing differences in consensus voting505

(Random vs. CSA). Random selection reduces low-506

hit regions via consensus score voting, whereas507

CSA further compresses low-value areas and in-508

creases high-value density, demonstrating its supe-509

rior capability in selecting representative attention510

heads and ensuring stable voting. These results con-511

firm CSA’s representative head selection enhances512

Top-p token prediction stability and improves per-513

formance across datasets by optimizing consensus514

voting quality.515

5.2.3 Community Size (RQ2)516

To assess how community size impacts model per-517

formance and validate our parameter choices for518

g and c, we conducted experiments outlined in Ta-519

ble 4. The results show that community partition-520

ing boosts CSA performance. However, too many521
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Figure 5: Representative Head Selection Strategies:
Random vs. CSA.
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set batch size to 1 and (b) set sequence length to 512.

partitions do not always improve results, as they 522

reduce sampled attention heads per community and 523

lead to reliance on dominant heads. Similarly, an 524

excessively high number of heads offers minimal 525

performance benefits once the optimal number is 526

reached and significantly increases computational 527

costs. Thus, a careful balance of community num- 528

ber and head selection is essential for optimizing 529

model accuracy and efficiency. 530

5.2.4 Sequence Length Scaling (RQ3) 531

We tested CSA on long-sequence problems using 532

the "Needle in a Haystack" benchmark. We created 533

a single lengthy context by concatenating SQuAD 534

dataset contexts and inserted a "text needle" at a 535

specific depth. CSA’s ability to handle long texts 536

was evaluated by its effectiveness in finding this 537

needle. For consistency, we followed methods in 538

(gkamradt, 2023) and (Contributors, 2023). As 539

shown in Table 5, CSA exhibited robust stability 540

with increasing sequence lengths from 4k to 16k. 541

5.2.5 Computational Efficiency and Memory 542

Optimization(RQ4) 543

We evaluated attention operations in layers using 544

PyTorch on A100 80G. According to Figure 6a, 545

CSA achieves nearly double the speed of dense 546

models in high-batch, long-text scenarios, indicat- 547

ing effective sparsity. By skipping full attention 548

matrix computation, CSA greatly cuts memory use. 549

Experiments with fp16 precision in Figure 6b, show 550

up to 50% memory savings, enabling larger batch 551

sizes and efficient inference, making CSA ideal for 552

resource-limited settings. 553
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DataSets

Models Methods MMLU HumanEval@5 Ceval Gsm8k TriviaQA SQuAD Avg

LLaMA-3 8B
Dense 63.2 73.0 54.0 78.9 75.4 53.0 66.2
Top 63.4 73.1 53.2 79.2 74.8 52.9 66.1
SparQ 61.7 72.5 51.5 76.5 72.9 49.4 64.1
CSA 63.2 73.0 52.7 78.2 74.9 52.5 65.8

Qwen2 14B
Dense 49.6 74.4 62.9 65.5 65.3 21.2 56.5
Top 50.0 75.6 62.7 65.6 65.1 20.3 56.5
SparQ 47.1 74.4 62.2 65.9 65.1 20.3 55.8
CSA 50.1 75.0 62.4 65.6 65.1 20.0 56.4

LLaMA-3 70B
Dense 77.5 84.1 67.5 92.6 88.7 56.9 77.9
Top 77.9 84.7 66.3 92.3 88.7 56.8 77.8
SparQ 75.4 84.1 58.3 89.9 88.3 52.0 74.6
CSA 77.8 83.9 66.3 92.4 88.7 56.8 77.7

Table 1: Performance on NLP tasks. We used Pass@5 metric on HumanEval and Accuracy metric on the others.
’Dense’ method represents the Dense model, ’Top’ method represents the vanilla Top-p, ’SparQ’ is one of baselines,
and CSA represents our proposed method.

Method PIQA HellaSwag
DHA-7B-50% 0.979 0.935
DHA-7B-25% 0.962 0.886
GQA-7B-50% 0.983 0.835
GQA-7B-25% 0.951 0.951
DejaVu-10% 0.951 0.938
DejaVu-30% 0.833 0.756
DejaVu-50% 0.691 0.333
SpAtten 0.481 0.441
CHAI-static 0.950 0.943
CHAI 0.975 0.957
CSA 1.000 0.996

Table 2: Performance on the PIQA and HellaSwag
benchmarks. Normalized results: values above 1 show
improvements over the baseline, while below 1 indicate
degradation. Higher values mean better performance.

DataSet

Models Methods MMLU HumanEval@5 Gsm8k

LLaMA-3 8B Random 62.6 72.5 77.8
CSA 63.2 73.0 78.2

Qwen2 14B Random 47.7 71.0 62.1
CSA 50.1 75.0 65.6

LLaMA-3 70B Random 76.0 82.6 92.0
CSA 77.8 83.9 92.4

Table 3: Head Selection Strategies: Random vs. CSA.

6 Conclusion554

In this work, we propose Consensus Sparse Atten-555

tion (CSA), a novel mechanism designed to acceler-556

ate the inference of large language models (LLMs).557

CSA leverages consensus voting among represen-558

tative attention heads, enabling efficient prediction559

of salient tokens across the remaining heads. By560

adopting a Top-p token selection strategy, CSA ef-561

fectively mitigates the decline in attention concen-562

tration commonly observed in long-text scenarios.563

Community Size

Models g4 c1 g8 c1 g8 c2 g16 c1 g16 c2 g32 c4

LLaMA-3 8B 62.4 63.2 63.0 63.2 63.2 63.3

Qwen2 14B 41.7 48.2 39.8 49.0 50.1 50.3

LLaMA-3 70B 76.1 76.9 76.5 77.2 77.8 77.9

Table 4: Impact of g and c on head community cluster-
ing.

Methods 0k - 4k 4k - 8k 8k - 12k 12k - 16k

Dense 100 100 99.7 99.6

Top 100 100.0 99.5 99.2

SparQ 99.5 99.3 99.1 99.0

CSA 100 99.3 99.0 99.0

Table 5: Sequence Length Scaling.

This consensus-driven approach not only reduces 564

computational load but also significantly lowers 565

peak memory consumption, resulting in substantial 566

efficiency gains. 567

7 Limitations 568

When calculating attention, CSA requires comput- 569

ing the representative attention heads and the re- 570

maining attention heads sequentially. This serial 571

processing may underutilize the machine’s compu- 572

tational resources, particularly in low-batch, short- 573

text scenarios. 574
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A Appendix842

In this appendix, we provide comprehensive details843

on the parameter p, various hardware platforms,844

and the specific hyperparameter settings used in845

our experiments.846

A.1 Top-p Ablation847

This section conducts an ablation study on parame-848

ter p to evaluate its impact on model performance849

across different sequence lengths. The test set con-850

sists of newly constructed datasets created by con-851

catenating SQuAD contexts with varying sequence852

lengths. The performance of the Top p (or Top k)853

method was tested under different p (or k) values,854

where p = 1 corresponds to the Dense model.855

As shown in Figure 7, in experiments with dif-856

ferent sequence lengths, the proportionally adap-857

tive Top p method maintains performance close to858

that of the Dense model across varying p values.859

In contrast, using Top k with fixed values (e.g.,860

k = 64 or 32) significantly degrades model perfor-861

mance, and this trend becomes more pronounced862

as k decreases from 64 to 32. Therefore, the Top p863

approach provides more stable performance across864

different context lengths.865

Figure 8 illustrates the changes in time and mem-866

ory costs under different p (or k) values. It can be867

observed that at p = 0.1, compared to the Dense868

model, there is a significant improvement in both869

time and memory efficiency. Moreover, when com-870

pared to Top k (k = 64), the Top p method achieves871

a clear performance gain without introducing sub-872

stantial additional time or memory overhead. Thus,873

the Top p method outperforms the Top k approach,874

and p = 0.1 is a relatively optimal choice.875
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Figure 7: Top-p Ablation

A.2 CSA on PC-side Hardware876

To verify the CSA method’s applicability on var-877

ious platforms, we expanded our experiments to878

include other computing environments, based on879
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Figure 8: Top-p Time/Memory Ablation

our previous analysis on the A100 accelerator card 880

(see §5.2.5). We tested on the Intel(R) Xeon(R) 881

Platinum 8163 CPU and the NVIDIA RTX4090 882

GPU to evaluate CSA’s performance across dif- 883

ferent architectures. The experiments demonstrate 884

that CSA performs exceptionally well on both CPU 885

and consumer-grade GPU platforms. On the CPU, 886

it achieves a 2.79× speedup in inference efficiency 887

(Figure 9a) along with a 44% reduction in memory 888

usage (Figure 9c). On the RTX 4090, it delivers a 889

1.86× speedup in inference efficiency (Figure 9b) 890

and a 52% reduction in memory consumption (Fig- 891

ure 9d). These results indicate that CSA effectively 892

improves efficiency on both CPU and consumer- 893

grade GPU platforms. 894
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Figure 9: The CSA running results on different architec-
ture devices

A.3 Derivation of the QHR Formula 895

The Query Hit Rate (QHR) quantifies the predictive 896

ability of attention head hn for the salient tokens 897

of another head hm. The calculation involves two 898

key steps: 899

1. Extracting salient tokens from hn: For each to- 900
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ken i ∈ I , select the Top-p tokens with highest901

attention scores in hn (index set M(hn, p, i)).902

2. Validating token importance in hm: Evaluate903

salience through token rankings in hm, where904

lower rank values indicate greater importance.905

For a specific token i ∈ I , the predictive906

score(Hit Rate) is:907

HR(i, hm, hn) =
∑

s∈M(hn,p,i)

(
1

GetRank(s, hm, i)

)t

(2)908

Where GetRank(s, hm, i) returns the rank (1-909

based) of token s in hm’s attention scores for to-910

ken i. The inverse weighting
(

1
Rank

)t ensures:(1)911

Higher-ranked tokens contribute more ( 1
1t = 1912

for rank 1. (2) Temperature t controls ranking913

sensitivity:t > 1: Emphasizes top rankings;t < 1:914

Smoothes ranking differences.915

The final QHR averages HR scores across all916

tokens:917

QHRI(hm, hn) =
1

|I|
∑
i∈I

HR(i, hm, hn) (3)918

The normalization factor 1
|I| ensures comparabil-919

ity across different query lengths.920

A.4 Experiment Hyperparameter Setting921

This section elaborates on the experimental config-922

urations with details.923

In §5.2.1, we adopted a 5-shot approach for eval-924

uating performance on the MMLU, Ceval, and925

GSM8K datasets. Specifically, we constructed a926

multi-round dialogue prompt, consistent with the927

methodology used in opencompass. For evalua-928

tion metrics, we used exact match for MMLU and929

Ceval, while for other evaluations, we employed930

the same evaluator as used in opencompass (Con-931

tributors, 2023). To ensure a fair comparison with932

the baseline, we set the r value of SparQ to 32,933

maintaining the same compression ratio as CSA.934

The hyperparameter settings for each model were935

as follows: for LLaMA-3 8B, g = 8 and c = 1; for936

Qwen2 14B, g = 16 and c = 2; and for LLaMA-3937

70B, g = 16 and c = 2.938

In § 5.2.2, the random selection method does not939

support further community division; the number of940

randomly selected communities was set to 1.941

In § 5.2.3, we performed comparative experi- 942

ments with configurations: g = 8, c = 1 for 943

LLaMA-3 8B, g = 16, c = 2 for LLaMA-3 70B, 944

and g = 16, c = 2 for Qwen2 14B. These settings 945

were chosen to achieve the best balance between 946

accuracy and computational efficiency. 947

In § 5.2.4, we selected the "Needle in a 948

Haystack" task as the evaluation benchmark. Fol- 949

lowing the methodology used in opencompass, we 950

first concatenated a context of a specified length 951

from the SQuAD dataset and then inserted a "nee- 952

dle" (a specific text segment) into the context for 953

evaluation. To ensure consistency, we utilized the 954

opencompass Evaluator for performance measure- 955

ment. 956

In § 5.2.5, we focus on evaluating the computa- 957

tional and memory efficiency of CSA, specifically 958

during the prefilling stage, as this phase represents 959

the primary performance bottleneck for large lan- 960

guage models. As CSA primarily improves the 961

efficiency of attention score calculation, we specif- 962

ically measured the computational gains within 963

QKV . To isolate the impact of CSA, we sub- 964

tracted the effect of the KV Cache, which is iden- 965

tical in both Dense and CSA settings.Our exper- 966

iments were conducted on an A100 80GB GPU, 967

testing the LLaMA-3 8B model. In the sequence 968

length scaling experiments, we kept the batch size 969

fixed at 1, while in the batch size scaling experi- 970

ments, we maintained a sequence length of 512. 971

For the configurations of CSA and SparQ, we kept 972

the settings consistent with those in §5.2.1. 973

In § 4.2. During the phases for community clus- 974

tering and representative heads selection, we se- 975

lected queries from multiple evaluation sets when 976

calculating QHR to enhance statistical reliability. 977

For parameter settings, we aligned the configura- 978

tion with formal experimental conditions by setting 979

p = 0.1. In the calculation of HR and QHR, we 980

used a temperature coefficient t = 1 to maintain 981

consistency. When constructing the graph of at- 982

tention head nodes, we set j = 2 to determine 983

the number of representative nodes. For commu- 984

nity detection, we utilized the Spectral Clustering 985

implementation from scikit-learn. 986
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A.5 Case Study987

A.5.1 LLaMA-3 8B (MMLU)988

### Question989
HUMAN:990
"""There is a single choice question991

about global facts. Answer the992
question by replying A, B, C or D.993

Question: As of 2019, about what994
percentage of people from the United995
States says homosexuality should be996
accepted by society?997

A. 52%998
B. 62%999
C. 72%1000
D. 82%"""1001
### Answer:1002
BOT:1003
B1004

...few shots1005
HUMAN:1006
"""There is a single choice question1007

about global facts. Answer the1008
question by replying A, B, C or D.1009

Question:1010
What was GDP per capita in the United1011

States in 1850 when adjusting for1012
inflation and PPP in 2011 prices?1013

A. About $3001014
B. About $3k1015
C. About $8k1016
D. About $15k"""1017
### Answer:1018
DENSE: C1019
CSA: C1020

A.5.2 LLaMA-3 8B (HumanEval)1021

### Question1022
HUMAN:1023
"""from typing import List\n\n\ndef1024

separate_paren_groups(paren_string:1025
str) -> List[str]:\n Input to1026
this function is a string containing1027
multiple groups of nested1028

parentheses. Your goal is to\n1029
separate those group into separate1030
strings and return the list of those1031
.\n Separate groups are balanced1032
(each open brace is properly closed)1033
and not nested within each other\n1034

Ignore any spaces in the input1035
string .\n >>>1036
separate_paren_groups (\'( ) (( )) ((1037
)( ))\')\n [\'()\', \'(())\',1038

\'(()())\']\n """1039
1040

### Answer:1041
DENSE:1042
"""from typing import List\n\ndef1043

separate_paren_groups(paren_string:1044
str) -> List[str]:\n \n This1045
function takes a string containing1046
multiple groups of nested1047
parentheses as input.\n It1048
separates those groups into separate1049
strings and returns the list of1050

those.\n Separate groups are1051
balanced (each open brace is1052

properly closed) and not nested 1053
within each other.\n It ignores 1054
any spaces in the input string .\n\n 1055

Parameters :\n paren_string ( 1056
str): A string containing multiple 1057
groups of nested parentheses .\n\n 1058
Returns :\n List[str]: A list of 1059

strings , each containing a group of 1060
balanced parentheses .\n n\n # 1061
Remove spaces from the input string\ 1062
n paren_string = paren_string. 1063
replace(" ", "")\n\n # Initialize 1064
an empty list to store the 1065

separated groups\n groups = []\n\ 1066
n # Initialize an empty string to 1067
build the current group\n 1068

current_group = ""\n\n # 1069
Initialize a counter to keep track 1070
of the balance of parentheses\n 1071
balance = 0\n\n # Iterate over 1072
each character in the input string\n 1073

for char in paren_string :\n 1074
# If the character is an open 1075

parenthesis , increment the balance\n 1076
if char == "(":\n 1077

balance += 1\n 1078
current_group += char\n # If 1079
the character is a close parenthesis 1080
, decrement the balance\n 1081
elif char == ")":\n 1082
balance -= 1\n 1083
current_group += char\n # 1084
If the balance becomes zero , it 1085

means we have a complete group , so 1086
add it to the list and reset the 1087
current group\n if 1088
balance == 0:\n 1089
groups.append(current_group)\n 1090

current_group = ""\n\n 1091
# Return the list of separated 1092
groups\n return groups\n """ 1093

1094
CSA: 1095
"""from typing import List\n\ndef 1096

separate_paren_groups(paren_string: 1097
str) -> List[str]:\n This 1098
function separates multiple groups 1099
of nested parentheses into separate 1100
strings .\n\n Args:\n 1101
paren_string (str): A string 1102
containing multiple groups of nested 1103
parentheses .\n\n Returns :\n 1104

List[str]: A list of separate 1105
strings , each representing a group 1106
of nested parentheses .\n \n \n 1107

# Remove spaces from the input 1108
string\n paren_string = 1109
paren_string.replace(" ", "")\n\n 1110
# Initialize an empty list to store 1111
the separated groups\n 1112

separated_groups = []\n\n # 1113
Initialize an empty string to build 1114
the current group\n current_group 1115
= ""\n\n # Initialize a counter 1116

for open and close parentheses\n 1117
open_count = 0\n close_count = 0\ 1118
n\n # Iterate over each character 1119
in the input string\n for char 1120

in paren_string :\n # If the 1121
character is an open parenthesis , 1122
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increment the open count\n if1123
char == "(":\n1124

open_count += 1\n1125
current_group += char\n # If1126
the character is a close parenthesis1127
\n elif char == ")":\n1128

close_count += 1\n1129
current_group += char\n #1130
If the current group is balanced ,1131

add it to the list and reset the1132
current group\n if1133
open_count == close_count :\n1134

separated_groups.append(1135
current_group)\n1136
current_group = ""\n1137
open_count = 0\n1138
close_count = 0\n # If the1139
current group is not balanced , reset1140
the current group\n if1141

open_count < close_count :\n1142
current_group = ""\n1143

open_count = 0\n1144
close_count = 0\n\n # Add the1145
last group to the list if it\'s not1146
empty\n if current_group :\n1147

separated_groups.append(1148
current_group)\n\n return1149
separated_groups\n"""1150

A.5.3 LLaMA-3 8b(GSM8k)1151

### Question1152
HUMAN:1153
"""1154
Question: \nJosh decides to try flipping1155

a house. He buys a house for $801156
,000 and then puts in $50 ,000 in1157
repairs. This increased the value1158
of the house by 150%. How much1159
profit did he make?\nLet 's think1160
step by step\n1161

Answer:1162
The cost of the house and repairs came1163

out to 80 ,000+50 ,000=$1164
< <80000+50000=130000 > >130 ,000\ nHe1165
increased the value of the house by1166
80 ,000*1.5= < <80000*1.5=120000 > >120 ,000\1167
nSo the new value of the house is1168
120 ,000+80 ,000=$1169
< <120000+80000=200000 > >200 ,000\ nSo1170
he made a profit of 200 ,000 -130 ,000=1171
$< <200000 -130000=70000 > >70 ,000\n####1172
70000\n"""1173

...few shots1174
HUMAN:1175
"""1176
Question:1177
Janet 's ducks lay 16 eggs per day. She1178

eats three for breakfast every1179
morning and bakes muffins for her1180
friends every day with four. She1181
sells the remainder at the farmers '1182
market daily for $2 per fresh duck1183
egg. How much in dollars does she1184
make every day at the farmers '1185
market?1186

Let 's think step by step"""1187
### Answer:1188
DENSE: """Janet 's ducks lay 16 eggs per1189

day. She eats 3 eggs for breakfast1190

and bakes muffins with 4 eggs , 1191
leaving :\n\n16 - 3 - 4 = 9 eggs\n\ 1192
nShe sells these 9 eggs at the 1193
farmers ' market for $2 per egg , so 1194
she makes:\n\n9 eggs x $2 per egg = 1195
$18\n\n#### $18""" 1196

CSA: """Janet 's ducks lay 16 eggs per 1197
day. She eats 3 for breakfast , and 1198
bakes muffins with 4, leaving her 1199
with:\n\n16 - 3 - 4 = 9 eggs\n\nShe 1200
sells these 9 eggs at the farmers ' 1201
market for $2 per egg , making :\n\n9 1202
eggs x $2 per egg = $18\n\n#### 18"" 1203
" 1204

A.5.4 LLaMA-3 8B (TriviaQA) 1205

### Question 1206
HUMAN: 1207
""" 1208
Answer these questions , your answer 1209

should be as simple as possible , 1210
start your answer with the prompt ' 1211
The answer is '. 1212

Q: Which Lloyd Webber musical premiered 1213
in the US on 10th December 1993? 1214

""" 1215
### Answer: 1216
DENSE: The answer is Sunset Boulevard. 1217
CSA: The answer is Sunset Boulevard. 1218

A.5.5 LLaMA-3 8B (SQuAD) 1219

### Question 1220
""" 1221
HUMAN: 1222
The Normans (Norman: Nourmands; French: 1223

Normands; Latin: Normanni) were the 1224
people who in the 10th and 11th 1225
centuries gave their name to 1226
Normandy , a region in France. They 1227
were descended from Norse (Norman 1228
comes from Norseman) raiders and 1229
pirates from Denmark , Iceland and 1230
Norway who , under their leader Rollo 1231
, agreed to swear fealty to King 1232
Charles III of West Francia. Through 1233
generations of assimilation and 1234

mixing with the native Frankish and 1235
Roman -Gaulish populations , their 1236
descendants would gradually merge 1237
with the Carolingian -based cultures 1238
of West Francia. The distinct 1239
cultural and ethnic identity of the 1240
Normans emerged initially in the 1241
first half of the 10th century , and 1242
it continued to evolve over the 1243
succeeding centuries .\ nAccording to 1244
the above passage , answer the 1245
following question .: 1246

Question: In what country is Normandy 1247
located? 1248

""" 1249
### Answer: 1250
DENSE: France. 1251
CSA: France. 1252
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