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Abstract001

The massive scale of Large Language Models002
(LLMs) incurs prohibitive computational costs,003
limiting their ubiquitous deployment. While ac-004
tivation sparsity is a promising training-free so-005
lution, existing magnitude-based methods over-006
look weight structures and dependencies. We007
reveal that standard weight norms fail as impor-008
tance proxies, identifying instead that weight009
distribution heavy-tailedness is critical. To010
this end, we propose Kurtosis-Aware Coupled011
Sparsity (KACS), a novel training-free frame-012
work that introduces a Kurtosis-based metric013
to explicitly capture and prioritize outlier-rich014
weight columns. Furthermore, we develop an015
Interaction-Aware evaluation mechanism that016
assesses the joint importance of structurally017
coupled projections (e.g., Gate-Up and Q-K-018
V), ensuring information retention across inter-019
acting pathways. To address varying sensitiv-020
ity across depths, we also design an adaptive021
layer-wise allocation strategy guided by input-022
output cosine similarity. Extensive experiments023
on Llama and Mistral models demonstrate that024
KACS consistently outperforms state-of-the-art025
baselines, retaining over 97% of the original026
performance at 50% sparsity.027

1 Introduction028

Large Language Models (LLMs) have demon-029

strated exceptional capabilities across a wide spec-030

trum of tasks (Wei et al., 2022). However, the mas-031

sive scale of these models, often exceeding billions032

of parameters, results in significant computational033

costs and memory overheads that limit their prac-034

tical deployment. To address these computational035

challenges, various model compression techniques036

have been extensively explored, such as quanti-037

zation (Frantar et al., 2023; Lin et al., 2024) for038

reducing numerical precision, weight pruning (Han039

et al., 2015; Ma et al., 2023) for removing redun-040

dant parameters, and low-rank approximation (Li041

et al., 2024; Wang et al., 2025b) for decomposing042

weight matrices. Distinct from these static com- 043

pression methods, activation sparsity has emerged 044

as a promising paradigm. This approach leverages 045

the inherent sparsity of activations, where a signifi- 046

cant portion of neurons contribute negligibly to the 047

output. By skipping these redundant computations, 048

activation sparsity substantially reduces floating- 049

point operations (FLOPs) and improves inference 050

speed without modifying the model parameters. 051

The transition to SwiGLU-based architectures 052

in modern LLMs has effectively compromised the 053

natural sparsity inherent in earlier ReLU models, 054

rendering traditional zero-skipping techniques inef- 055

fective. While attempts have been made to regain 056

sparsity via costly retraining, the research focus 057

has largely shifted toward training-free approaches. 058

Dominant methods in this category typically priori- 059

tize neurons solely based on their activation mag- 060

nitude. However, this metric presents a significant 061

blind spot: it evaluates input signals in isolation, 062

completely neglecting the weight matrices that pro- 063

cess them. Consequently, these methods risk prun- 064

ing small signals that are structurally critical due 065

to downstream amplification. Furthermore, exist- 066

ing pipelines face a trade-off in sparsity allocation: 067

they either enforce a uniform sparsity ratio that 068

ignores layer-wise redundancy, or resort to compu- 069

tationally expensive search strategies. This context 070

prompts two fundamental questions: Can we de- 071

sign a metric that effectively captures the coupled 072

importance of activations and weights? And is it 073

possible to achieve adaptive, redundancy-aware al- 074

location without incurring heavy overhead? 075

To surmount these obstacles, we intro- 076

duce KACS, a novel training-free activation 077

sparsity framework. Our investigation begins 078

with a counter-intuitive finding, illustrated in 079

Figure 1: contrary to prevailing assumptions, 080

simple weight norms (e.g., ℓ1, ℓ2) fail to serve as 081

effective proxies for activation importance and can 082

even degrade performance. Crucially, we identify 083
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Figure 1: Performance comparison of weight-norm
scaling variants on LLaMA-3-8B. “Base” refers to
the activation magnitude baseline (|X|). W1, W2, and
W∞ denote scaling by the respective weight column
norms. Solid lines indicate Perplexity (↓), while dashed
lines denote Accuracy (↑). The results show that simple
weight-norm scaling fails to yield improvement.

that the determinative factor for importance is the084

presence of outliers. Consequently, we propose085

a Kurtosis-based metric that explicitly captures086

the heavy-tailedness of weight distributions. This087

metric effectively enables us to differentiate088

critical, outlier-rich weight columns from less in-089

formative ones. Simultaneously, we recognize that090

LLM components often function as coupled units.091

We introduce an Interaction-Aware Evaluation092

mechanism that moves beyond isolated weight093

analysis. This module groups functionally related094

projections (e.g., FFN Gate-Up pairs and Attention095

Q-K-V) to assess importance jointly, ensuring that096

retained activations are significant across these097

interacting paths. Finally, addressing the varying098

sensitivity across network depths, we develop099

an adaptive sparsity allocation strategy. Guided100

by input-output cosine similarity, this method101

pre-emptively gauges layer-wise redundancy,102

assigning aggressive sparsity rates to robust layers103

while conservatively preserving sensitive ones.104

Contributions. Our contributions are as follows:105

1. Kurtosis-based Weight Metric. We investigate106

the efficacy of standard weight norms (e.g., ℓ1, ℓ2)107

in evaluating activation importance. We find that108

they fail to distinguish outlier-rich columns from109

others. To address this, we propose a Kurtosis-110

based metric that captures the heavy-tailedness dis-111

tribution of weight columns, enabling the precise112

identification of outlier-rich weight columns that113

are critical for model performance.114

2. Interaction-Aware Evaluation. Moving be-115

yond the assessment of isolated weight matrices,116

we introduce an Interaction-Aware framework that117

models the functional dependencies between cou-118

pled components. By jointly evaluating function- 119

ally related projections (e.g., Gate-Up in FFNs and 120

Q-K-V in Attention), we ensure that sparsity deci- 121

sions maximize information retention across inter- 122

acting pathways. 123

3. Adaptive Layer-wise Allocation. We devise 124

a redundancy-aware allocation strategy that lever- 125

ages input-output cosine similarity to adaptively 126

distribute sparsity budgets. This approach effec- 127

tively concentrates resources on the most sensitive 128

layers while aggressively pruning redundant ones. 129

4. SOTA Performance. Across Llama-2, Llama- 130

3, and Mistral, KACS maintains > 97% of dense 131

performance at 50% sparsity, consistently outper- 132

forming SOTA baselines under a unified setting. 133

2 Related Work 134

Training-based Activation Sparsity. To miti- 135

gate the lack of natural sparsity in SwiGLU-based 136

architectures, early approaches sought to restore 137

sparsity through extensive retraining. DejaVu (Liu 138

et al., 2023) introduces auxiliary predictors to dy- 139

namically forecast activation sparsity, while Re- 140

LUfication (Mirzadeh et al., 2023) explicitly re- 141

places Swish activation functions with ReLU vari- 142

ants followed by fine-tuning. Despite their effec- 143

tiveness, these methods impose significant train- 144

ing overhead and permanently alter the pre-trained 145

model weights, limiting their practical utility. 146

Training-free Activation Sparsity. To enable 147

plug-and-play efficiency, recent research prioritizes 148

training-free approaches. The prevailing approach 149

relies on activation magnitude as the sole metric 150

for importance. Initial approaches like CATS (Lee 151

et al., 2024) and GRIFFIN (Dong et al., 2024) 152

restrict their scope to the FFN blocks, applying ac- 153

tivation sparsity only to specific projections (e.g., 154

Gate or Up layers). Subsequently, TEAL (Liu 155

et al., 2024) generalizes this paradigm, extending 156

the sparsity mechanism to target all weight matri- 157

ces across the model. However, these methods 158

typically evaluate input signals in isolation, ne- 159

glecting the weight matrices that process them. To 160

address this, subsequent methods explore two dis- 161

tinct directions. R-Sparse (Zhang et al., 2025) cre- 162

ates a separate computational branch, where high- 163

magnitude outliers are computed exactly, while 164

low-magnitude components are approximated via 165

a low-rank SVD path. Alternatively, other ap- 166

proaches integrate weight information directly into 167

the importance evaluation. WAS (Wang et al., 168
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2025a) explicitly incorporates weight sensitivity169

by scaling activation scores with the ℓ1 norm of the170

corresponding weight columns. Amber (An et al.,171

2025) adopts a similar philosophy by employing a172

variant of ℓ2 column norms. Consequently, exist-173

ing weight-aware methods face a dilemma: they ei-174

ther incur significant computational overhead (e.g.,175

dual-branch execution costs) or yield suboptimal176

performance preservation due to the limited expres-177

siveness of standard norm-based metrics.178

3 Background179

3.1 Transformer Model180

The Transformer architecture stacks multiple layers181

consisting of a Multi-Head Attention (MHA) and182

a Feed-Forward Network (FFN). Given the input183

X, the MHA sub-layer projects the input X into184

queries, keys, and values:185

headi = Att(XWqi ,XWki ,XWvi).

MHA(X) = Concat(head1, . . . ,headh)Wo,
(1)186

Here, Wqi ,Wki ,Wvi denote the projection matri-187

ces for the i-th head, and Wo is the output pro-188

jection. The FFN sub-layer usually adopts the189

SwiGLU with three linear transformations:190

FFN(X) = (σ(XWgate)⊙ (XWup))Wdown,
(2)191

where σ(·) is the SiLU activation function, and192

⊙ denotes the Hadamard product. Here, Wgate,193

Wup, and Wdown denote the weight matrices for194

the gate, up, and down projections. For simplicity195

of subsequent analysis, we formulate the generic196

linear transformation in the model as Y = WXT .197

Here, X ∈ RL×din represents the input activations198

with sequence length L and input dimension din,199

while W ∈ Rdout×din denotes the weight matrix.200

3.2 Activation Sparsity201

In Transformer models, the computational cost is202

dominated by linear transformations. To achieve203

computational acceleration during inference, acti-204

vation sparsity is typically implemented by selec-205

tively dropping unimportant input activation values.206

The most common approach defines the importance207

score Sij for an activation element Xij (correspond-208

ing to the j-th channel of the i-th token) simply as209

its absolute magnitude: Sij = |Xij |. Given a target210

sparsity level p, a threshold tp is first established.211

In practice, tp is calculated empirically by analyz-212

ing the activation distribution obtained offline from213

a calibration dataset. This threshold serves as a 214

filter: if Sij ≤ tp, the corresponding activation 215

Xij is zeroed out. Consequently, the forward pass 216

is executed by retaining only the input elements 217

where Sij > tp. This mechanism significantly re- 218

duces the computational overhead, particularly the 219

Multiply-Accumulate (MAC) operations. 220

3.3 Activation-Aware Weight Importance 221

Previous works, such as Wanda have demonstrated 222

the significant coupling between weights and ac- 223

tivations. Wanda integrates activations into the 224

weight importance evaluation to guide the prun- 225

ing process. Specifically, it defines the importance 226

score Iij for each weight element Wij as the prod- 227

uct of its magnitude and the ℓ2-norm of the corre- 228

sponding input feature channel X:,j : 229

Iij = |Wij | · ∥X:,j∥2. (3) 230

4 Method 231

We present a training-free framework (Figure 2), 232

which comprises three key components: Kurtosis- 233

Based metric, Interaction-Aware Importance met- 234

ric, and Layer-Wise Sparsity Allocation strategy. 235

4.1 Motivation 236

Inspired by Wanda, we investigate from the per- 237

spective of activation sparsity whether static weight 238

norms can serve as effective proxies for assessing 239

activation importance. Intuitively, weights with 240

larger magnitudes are expected to contribute more 241

to the output, suggesting that their corresponding 242

input channels should be prioritized. Based on this 243

duality, we propose to incorporate the column norm 244

of the weight matrix into the activation importance 245

estimation. Formally, for the activation element 246

Xij , the importance score Sij is defined as: 247

Sij = ∥W:,j∥p · |Xij |, p ∈ {1, 2,∞}. (4) 248

To assess the validity of this hypothesis, we 249

performed a preliminary empirical study bench- 250

marking these variants against the standard acti- 251

vation magnitude baseline (|X|) on LLaMA-3-8B. 252

As shown in Figure 1, although integrating weight 253

information appears intuitively promising, we ob- 254

serve that the direct application of column norms 255

fails to yield any improvement and consistently 256

leads to performance degradation. This suggests 257

that standard norms are insufficient for capturing 258

the complex distribution of weights, highlighting 259

the necessity for a more sensitive metric. 260
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Figure 2: Overview of the proposed method. Left: The importance metric for precise activation sparsity in FFN
and MHA layers. Right: The sparsity allocation strategy that dynamically assigns sparsity budgets.

4.2 Kurtosis Metric261

We hypothesize that the ineffectiveness of stan-262

dard norms stems from their inability to distinguish263

outlier-rich channels from trivial channels with flat264

distributions. To validate this, we visualize the ℓ2265

norm scores in Figure 3, where the standard met-266

ric (blue line) exhibits a flat, low-variance baseline267

across channel indices. This uniformity implies268

that the ℓ2 norm assigns similar scores to all chan-269

nels, thereby failing to distinguish critical signals270

from the trivial background.271

To address this limitation and explicitly cap-272

ture the heavy-tailedness characteristics of outlier273

weights, we draw inspiration from higher-order274

statistics and introduce a Kurtosis-based Metric.275

Kurtosis, as the fourth standardized moment, is nat-276

urally sensitive to the heavy tails of a distribution.277

For each input channel j, we compute the empirical278

Excess Kurtosis κj of the weight column W:,j :279

κj = E

[(
W:,j − µj

σj

)4
]
− 3, (5)280

where µj and σj denote the mean and standard281

deviation of the elements in W:,j . Based on this,282

we derive the channel-wise scaling factor γj :283

γj = 1 + α · log (ReLU(κj) + 1) . (6)284

Here, α is a hyperparameter controlling the sensi-285

tivity. The ReLU function acts as a filter to exclu-286

sively target outlier-rich channels (where κj > 0),287

while the logarithmic term compresses the dynamic288

range of extreme outliers. Consequently, the im-289

portance score Sij is obtained by modulating the290

corresponding activation magnitude with this kur-291

tosis scaling factor:292

Sij = |Xij | · γj . (7)293
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Figure 3: Metric Comparison. The column norm ex-
hibits a flat distribution, failing to distinguish critical
channels. In contrast, the Kurtosis demonstrates supe-
rior discriminative power, revealing sharp peaks that
precisely capture outlier-rich channels (marked by red
dots, identified via the 3σ rule, i.e., values > µ+ 3σ).

The advantage of this proposed metric is clearly 294

demonstrated in Figure 3. In stark contrast to the 295

uniform distribution of the ℓ2 norm, the Kurtosis 296

metric (orange line) exhibits superior discrimina- 297

tive power. It reveals distinct, sharp peaks that 298

precisely align with outlier-rich channels (marked 299

with red dots). This confirms that our formula- 300

tion successfully distinguishes critical signals and 301

assigns high importance scores specifically to the 302

channels that contain essential information. 303

4.3 Interaction-Aware Importance Metric 304

While recent advances have begun to incorporate 305

weight sensitivity, they often treat weight matri- 306

ces as isolated entities, neglecting the functional 307

dependencies between them. However, given the 308

intrinsic coupling of model operations, the effec- 309

tive importance of an activation should be governed 310

by the collaborative impact of its interconnected 311

components. To address this, we shift from inde- 312

pendent metrics to an interaction-aware evaluation. 313

In the following, we first formulate this metric for 314

FFN sublayers, and subsequently extend it to MHA 315
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sublayers.316

As formulated in Eq. (2), the generation of the317

intermediate feature is governed by the element-318

wise multiplication (⊙) between the Up and Gate319

projections. This multiplicative structure creates an320

intrinsic coupling: a large activation value in the up321

branch is effectively nullified if the corresponding322

gate value is near zero, and vice versa. Conse-323

quently, evaluating Wup or Wgate in isolation fails324

to capture this mutual suppression effect.325

We posit that the saliency of an input activation326

is defined by the synergistic coupling of its cor-327

responding gate and up branches. Accordingly,328

we propose an Interaction-Aware Scaling Factor329

(γFFN) specifically for the FFN input activations:330

γFFN = γgate ⊙ γup,

Sij = |Xij | · γFFN
j .

(8)331

where γgate,γup ∈ Rdin denote the importance332

vectors (constructed as γ = [γ1, . . . , γdin ]) de-333

rived from the weight matrices of Gate and Up334

projections. Mechanistically, this operates as a335

dual-verification filter, which enforces a consen-336

sus constraint: it preserves channels only if they337

are salient in both projections, thereby effectively338

suppressing inconsistent signals.339

We extend this interaction-aware paradigm to340

MHA layers. Although MHA lacks the explicit341

gating structure of SwiGLU, the dot-product atten-342

tion mechanism operates as an implicit routing gate.343

Specifically, the interaction between the Query and344

Key projections generates an attention map that345

functions as a dynamic filter, determining the infor-346

mation flow from the Value projection to the output.347

This establishes a critical dependency, where the348

Q-K pair governs where to focus, while the V pro-349

jection determines what to transmit. Consequently,350

evaluating any single matrix in isolation fails to351

capture this systemic dependency. Based on this352

synergy, we define the Interaction-Aware Scaling353

Factor γMHA for MHA input activations as:354

γMHA = γQ ⊙ γK ⊙ γV,

Sij = |Xij | · γMHA
j .

(9)355

where γQ,γK,γV denote the importance vectors356

derived from the Query, Key, and Value weights357

via Eq. (6), respectively. By enforcing this strict358

consensus, we ensure that retained activations con-359

tribute significantly to both the addressing (Q, K)360

and the content (V) of the attention mechanism.361
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Figure 4: Layer-wise Relative Reconstruction Error
(LLaMA-3-8B, 50% Sparsity). The Weight ℓ2 Norm
yields the highest error. The proposed Kurtosis metric
significantly reduces the error, while the Interaction-
Aware strategy consistently achieves the lowest error,
validating the effectiveness of our method.

Reconstruction Analysis. To empirically vali- 362

date the efficacy of these formulations, we conduct 363

a layer-wise reconstruction analysis on LLaMA- 364

3-8B. We evaluate the fidelity of the sparse repre- 365

sentations using the Relative Reconstruction Error 366

(E), defined via the Frobenius norm ∥ · ∥F . This 367

metric measures the normalized deviation between 368

the original dense output Y and the sparse approx- 369

imation Ŷ (at 50% sparsity): 370

E = ∥Y − Ŷ∥2F /∥Y∥2F . (10) 371

As illustrated in Figure 4, the Weight ℓ2 Norm 372

yields the highest error, performing even worse 373

than the naive activation magnitude baseline, which 374

aligns with the observations in Figure 1. In contrast, 375

substituting the standard norm with our proposed 376

Kurtosis metric leads to a significant error reduc- 377

tion. Building upon this, our complete Interaction- 378

Aware strategy consistently achieves the lowest re- 379

construction error across layers. This confirms that 380

both the sensitivity to weight outliers (via Kurtosis) 381

and the synergistic evaluation of coupled weights 382

(via Interaction-Awareness) are essential for mini- 383

mizing information loss. 384

4.4 Layer-Wise Sparsity Allocation 385

Optimizing layer-wise sparsity is crucial, as uni- 386

form allocation ignores the varying redundancy 387

across layers. To address this, we propose an 388

adaptive strategy inspired by layer pruning stud- 389

ies. Specifically, we utilize the cosine similarity 390

between input X and output Y as a metric for layer 391

redundancy. Intuitively, high cosine similarity in- 392

dicates a near-identity mapping (often a candidate 393

for removal in depth pruning), suggesting the layer 394

is highly redundant. Conversely, low similarity 395

signals critical information processing. 396

5



Formally, we quantify this redundancy score for397

the n-th layer, denoted as Rn, by calculating the398

average cosine similarity over the input sequence:399

Rn =
1

L

L∑
m=1

X⊤
mYm

∥Xm∥2∥Ym∥2
, (11)400

where L represents the sequence length, and401

Xm,Ym ∈ Rd denote the input and output fea-402

ture vectors for the m-th token.403

To effectively transform the layer-wise redun-404

dancy measures into a global sparsity budget, we405

employ a standardized linear allocation strategy.406

Let r = [R1, R2, . . . , RN ]⊤ ∈ RN denote the re-407

dundancy vector collecting the similarity scores408

across all N Transformer layers. We derive the409

corresponding sparsity vector p ∈ RN via a stan-410

dardized linear mapping:411

p = pt · 1+ β · z, where z =
r− µ1

σ
. (12)412

Here, pt is the target global sparsity, 1 is the all-413

ones vector, and β is a scaling hyperparameter that414

modulates the sensitivity of the allocation. The415

vector z represents the Z-score standardized re-416

dundancy, calculated using the scalar mean µ and417

standard deviation σ of r. Since the expectation418

of the normalized scores is zero (E[z] = 0), this419

linear formulation strictly ensures that the average420

sparsity across all layers aligns with the target pt421

(i.e., E[p] = pt). Under this scheme, layers with422

higher cosine similarity (high redundancy) are as-423

signed higher sparsity ratios, while critical layers424

are preserved with lower sparsity.425

Given the determined layer-wise sparsity pn, the426

sparsity configuration is further optimized across427

the linear projections, specifically the attention428

matrices (Wq,Wk,Wv,Wo) and MLP weights429

(Wgate, Wup,Wdown). Following the methodol-430

ogy in TEAL (Liu et al., 2024), we formulate this431

intra-layer allocation as a constrained optimiza-432

tion problem, solved via a greedy search algorithm.433

This optimization minimizes the reconstruction er-434

ror between the dense and sparsified layer outputs,435

ensuring maximal feature fidelity while strictly ad-436

hering to the assigned budget pn.437

5 Experiments438

5.1 Experimental Settings439

Models. We evaluate our method on the Llama-440

3-8B (Dubey et al., 2024), Llama-2-7B (Touvron441

et al., 2023), and Mistral-7B (Jiang et al., 2023) 442

models. We present the primary experimental re- 443

sults in the main paper, with additional results and 444

detailed analyses provided in Appendix A. 445

Calibration Data and Evaluation. Following 446

TEAL, we use a calibration set sampled from the 447

Alpaca dataset (Taori et al., 2023), consisting of 448

10 samples with a sequence length of 2048 to- 449

kens. We assess model performance across two 450

categories: language modeling and zero-shot down- 451

stream tasks. For language modeling, we report the 452

perplexity (PPL) on WikiText-2 (2048 tokens). For 453

downstream capabilities, we report the average ac- 454

curacy across eight tasks: Winogrande (WG) (Sak- 455

aguchi et al., 2020), PIQA (Bisk et al., 2020), Sci- 456

enceQA (SciQ) (Lu et al., 2022), OpenBookQA 457

(OBQA) (Mihaylov et al., 2018), HellaSwag (HS) 458

(Zellers et al., 2019), BoolQ (Clark et al., 2019), 459

ARC-E, and ARC-C (Clark et al., 2018). All eval- 460

uations are conducted using the lm-eval-harness 461

framework (Sutawika et al., 2023). 462

Baselines. We benchmark against: TEAL (Liu 463

et al., 2024) (activation magnitude-based), R- 464

Sparse (Zhang et al., 2025) (hybrid with 465

SVD), WAS (ℓ1 weight column norm), Amber 466

Pruner (An et al., 2025) (a variant of the ℓ2 weight 467

column norm), and WANDA-S (a symmetric adap- 468

tation of WANDA). We exclude approaches with 469

suboptimal performance or limited scope (e.g., Re- 470

lufication, CATS, GRIFFIN) from the main com- 471

parison. Methods marked with * adopt our sparsity 472

allocation strategy for fair comparison. 473

5.2 Main Results 474

Table 1 presents comprehensive results across both 475

Llama-3-8B and Mistral-7B. At the standard 50% 476

sparsity level, KACS* demonstrates exceptional 477

capability, achieving average scores of 67.41 and 478

67.78, respectively. These results closely approach 479

the dense baselines (69.48 and 69.33), retaining ap- 480

proximately 97% of the original performance. Fur- 481

thermore, in the uniform sparsity regime, a clear 482

hierarchy emerges: while TEAL sets a strong base- 483

line, our approach consistently delivers superior 484

average performance. This establishes KACS as a 485

robust foundation even without relying on sparsity 486

allocation strategies. 487

The advantage of KACS* becomes even more 488

pronounced when compared against the state-of- 489

the-art TEAL*. At 50% sparsity, our method not 490

only surpasses TEAL* on Llama-3-8B accuracy 491

6



Sparsity Method PPL WG PIQA SciQ OBQA HS BoolQ Arc-E Arc-C Avg

Llama-3-8B
0% Baseline 6.14 72.77 79.71 96.4 34.8 60.19 81.31 80.13 50.51 69.48

50%

TEAL 8.06 68.90 76.17 96.00 31.20 55.20 77.80 72.20 43.26 65.09
R-Sparse 8.71 68.77 75.84 96.00 31.60 53.97 78.47 75.76 42.24 65.33
WAS 8.35 68.59 75.79 95.80 31.00 53.80 74.04 75.42 42.41 64.61
Amber Pruner 8.35 69.14 76.39 95.50 31.00 54.15 74.50 75.55 42.41 64.83
WANDA-S 8.31 68.19 75.90 95.60 31.00 53.87 75.05 76.09 42.92 64.83
KACS 7.45 69.06 77.53 96.40 31.20 56.18 76.76 76.47 45.48 66.14

TEAL* 7.37 68.90 77.04 95.30 32.20 57.32 78.46 78.58 46.59 66.80
KACS* 7.27 71.82 78.62 95.50 33.00 57.33 78.65 77.65 46.67 67.41

70%

TEAL 58.43 51.54 62.68 84.30 19.40 30.65 59.88 53.79 22.44 48.09
R-Sparse 85.89 52.17 59.36 83.00 15.60 29.57 61.25 48.06 20.81 46.23
WAS 74.35 52.33 59.03 76.30 17.60 28.33 60.95 42.38 18.43 44.42
Amber Pruner 65.11 51.93 61.81 78.30 17.20 29.53 60.34 50.25 22.18 46.44
WANDA-S 67.52 53.35 61.26 79.20 17.20 29.25 61.19 47.90 20.65 46.25
KACS 28.80 55.09 67.08 85.40 19.40 35.44 61.80 61.66 26.54 51.55

TEAL* 14.53 60.30 71.65 92.50 24.80 45.70 67.34 66.88 33.96 57.89
KACS* 13.69 63.14 72.25 91.20 25.60 46.71 68.99 68.39 35.07 58.92

Mistral-7B
0% Baseline 5.32 73.88 80.25 95.80 33.00 60.88 82.14 79.67 48.98 69.33

50%

TEAL 7.10 68.74 79.33 96.40 29.00 58.52 81.33 77.82 46.50 67.21
R-Sparse 6.75 68.98 78.99 95.90 29.20 57.17 80.06 76.73 44.03 66.38
WAS 6.91 67.64 79.49 95.50 26.00 58.48 80.89 77.31 45.90 66.40
Amber Pruner 6.91 67.17 79.16 95.60 26.80 58.47 80.86 78.28 45.56 66.49
WANDA-S 6.69 66.54 79.54 96.20 27.00 58.66 81.25 77.69 45.73 66.58
KACS 6.80 68.03 79.43 95.70 30.40 58.62 81.71 78.28 46.84 67.38

TEAL* 7.72 68.98 79.11 95.10 29.20 59.36 81.99 78.75 46.59 67.39
KACS* 6.79 70.17 79.43 95.30 28.40 59.94 81.93 79.21 47.87 67.78

70%

TEAL 13.36 60.85 74.10 89.50 20.80 45.78 68.65 68.64 33.36 57.71
R-Sparse 18.47 59.16 67.63 90.10 23.00 43.76 64.48 62.44 32.75 55.42
WAS 18.36 61.72 69.75 89.10 21.00 41.98 67.09 64.44 30.55 55.70
Amber Pruner 17.00 60.93 67.68 91.00 22.00 42.26 67.61 63.38 33.70 56.07
WANDA-S 18.23 60.38 69.48 89.60 22.60 42.17 67.77 62.04 32.85 55.86
KACS 13.20 62.67 73.34 91.10 23.80 45.63 68.35 67.68 33.36 58.24

TEAL* 13.44 65.11 70.13 85.40 28.40 49.56 74.50 68.35 39.16 60.08
KACS* 13.56 62.19 76.88 85.50 22.60 52.54 75.93 73.06 40.87 61.20

Table 1: Evaluation across Llama-3-8B and Mistral-7B at 50% and 70% sparsity levels, showing that KACS consis-
tently outperforms baselines. Note that ‘*’ implies the use of sparsity allocation.

(67.41 vs. 66.80) but also maintains superior lin-492

guistic coherence on Mistral-7B (PPL 6.79 vs.493

7.72). Crucially, in the aggressive 70% sparsity494

regime, our method exhibits remarkable resilience.495

While baselines suffer severe degradation, KACS*496

remains robust on Mistral-7B with an average score497

of 61.20, outperforming TEAL* by 1.12 points.498

These results indicate that KACS* effectively iden-499

tifies and protects critical activations, establishing500

a new state-of-the-art for efficient sparse models.501

5.3 Performance Across Sparsity Levels502

As illustrated in Figure 5, we compare the per-503

formance of our method against TEAL, R-Sparse,504

Amber, WAS, and WANDA-S on the Llama-3-8B505

across various sparsity ratios. Up to 50% sparsity, 506

all methods demonstrate competitive performance, 507

maintaining low Perplexity (PPL) and high aver- 508

age accuracy with comparable results. However, a 509

distinct performance divergence emerges once the 510

sparsity exceeds this 50% threshold. 511

Notably, as sparsity increases to 60% and 70%, 512

existing baseline methods suffer from severe degra- 513

dation. Their PPL scores rise sharply, and aver- 514

age accuracy precipitously drops to the 45%–48% 515

range at 70% sparsity. In stark contrast, KACS ex- 516

hibits superior robustness. Even at the extreme 517

sparsity of 70%, the increase in PPL for our method 518

remains relatively graceful, and average accuracy 519

is maintained above 51%, significantly outperform- 520
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Figure 5: Comparative performance of different methods across multiple sparsity ratios.

Method PPL ↓ Avg

Baseline (TEAL) 58.43 48.09
+ Kurtosis Metric 48.61 50.71

+ Interaction-Aware 28.80 51.55
+ Layer-wise Sparsity 17.96 55.21

+ MSE Greedy 13.69 58.92

Table 2: Ablation study on Llama-3-8B at 70% sparsity.
The results demonstrate the cumulative benefits of se-
quentially integrating our proposed components.

ing comparative methods. This indicates that while521

baselines falter under high compression, our ap-522

proach effectively preserves the model’s critical523

linguistic capabilities and predictive accuracy.524

5.4 Ablation Study525

To investigate the individual contributions of our526

proposed components under extreme compression,527

we conduct an ablation study at 70% sparsity on528

Llama-3-8B, with results shown in Table 2. The529

baseline model struggles significantly, with a high530

PPL of 58.43. Incorporating the Kurtosis Met-531

ric alone yields a substantial improvement (PPL532

48.61), while adding Interaction-Aware achieves a533

marked gain, reducing PPL to 28.80.534

Most notably, the application of our Layer-wise535

Sparsity strategy plays a pivotal role, lifting the536

average accuracy to 55.21% and further reducing537

PPL to 17.96. Finally, applying the standard MSE538

Greedy adjustment as a complementary refinement539

yields the optimal performance with an accuracy of540

58.92%. These results confirm that our proposed541

modules provide the fundamental robustness re-542

quired at high sparsity, which can be further refined543

by established greedy methods.544

5.5 Hardware Acceleration545

For practical deployment, our method is fully com-546

patible with the inference paradigm established by547

TEAL. While we employ a more sophisticated met-548

ric to evaluate activation importance, the derivation 549

of the scaling factors and thresholds is performed 550

entirely offline. These pre-computed thresholds 551

are stored and loaded during inference. Further- 552

more, we can employ weight re-parameterization 553

by absorbing the scaling factors directly into the 554

model weights. This allows our method to function 555

as mathematical equivalent to the TEAL without 556

requiring any modification to the inference kernels 557

or thresholding logic. Thus, our method can seam- 558

lessly leverage TEAL’s custom GPU kernels. By 559

utilizing these highly optimized CUDA kernels on 560

an A800 GPU, our method achieves significant end- 561

to-end acceleration comparable to the baseline. 562

For Llama3-8B, we achieve 1.39×, 1.49×, and 563

1.69× speedups at 40%, 50%, and 70% sparsity 564

levels, respectively. This demonstrates that our 565

method achieves effective hardware acceleration 566

in practice. More detailed results and comparisons 567

are provided in Appendix D. 568

6 Conclusion 569

We introduce KACS, a training-free framework that 570

transcends simple magnitude-based activation spar- 571

sity by incorporating Kurtosis-based metric and 572

Interaction-Aware mechanisms. These components 573

accurately evaluate activation sensitivity and ad- 574

dress the structural coupling within the model to 575

preserve critical signals, further enhanced by a dy- 576

namic, similarity-guided sparsity allocation strat- 577

egy. Crucially, our method aligns seamlessly with 578

the TEAL execution paradigm. Consequently, with 579

equivalent hardware optimizations, our method can 580

achieve comparable speedups. Extensive experi- 581

ments across the Llama and Mistral models demon- 582

strate that our approach significantly outperforms 583

SOTA methods in performance, offering a promis- 584

ing solution for efficient LLM inference. 585
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A More Detailed Experimental Results717

We present comprehensive, per-benchmark exper-718

imental results on Llama-2-7B and Llama-2-13B719

in Table 3 to further substantiate the efficacy of720

our proposed method. While most approaches per-721

form comparably at 50% sparsity, a significant di-722

vergence in robustness emerges at the aggressive723

70% level. Baselines such as R-Sparse and WAS724

suffer catastrophic degradation (e.g., PPL > 120725

on Llama-2-7B), whereas KACS degrades grace-726

fully, outperforming TEAL by over 1% in aver-727

age accuracy on Llama-2-13B at this sparsity level.728

Furthermore, incorporating adaptive sparsity allo-729

cation (denoted by ‘*’) consistently achieves the730

best performance. Notably, KACS* attains 62.50% 731

average accuracy on Llama-2-13B at 70% sparsity, 732

surpassing TEAL* (61.33%) and significantly clos- 733

ing the gap with the dense baseline. 734

B More Layer-wise Relative 735

Reconstruction Error Analysis 736

To provide a more fine-grained verification of our 737

proposed selection criteria, we conduct a recon- 738

struction error analysis. Figure 6 visualizes the 739

layer-wise relative reconstruction error defined in 740

Eq. 10 (∆ MSE) of different sparsity metrics rela- 741

tive to the TEAL baseline. We observe three key 742

phenomena across all four models (Llama-3-8B, 743

Sparsity Method PPL WG PIQA SciQ OBQA HS BoolQ Arc-E Arc-C Avg

Llama-2-7B
0% Baseline 5.47 69.14 78.07 93.80 31.40 57.14 77.74 76.35 43.43 65.88

50%

TEAL 6.89 66.54 76.28 94.10 28.40 53.51 74.62 73.65 40.10 63.40
R-Sparse 7.33 65.03 74.26 93.40 28.00 48.82 70.24 71.93 38.40 61.26

WAS 6.91 67.09 74.76 93.40 29.60 51.03 71.19 71.93 39.93 62.37
Amber Pruner 6.77 65.90 76.50 94.60 26.40 51.94 73.15 73.15 41.55 62.90

WANDA-S 6.77 67.72 75.19 94.30 28.20 52.08 73.24 72.56 39.93 62.90
KACS 6.82 65.82 77.48 94.10 30.00 53.75 74.43 73.86 40.36 63.73

TEAL* 6.36 65.75 76.64 93.50 30.60 54.22 74.77 74.20 40.15 63.73
KACS* 6.34 66.77 76.66 93.30 31.20 54.98 74.62 73.11 40.36 63.88

70%

TEAL 30.62 56.27 66.97 85.60 20.40 34.54 62.84 57.20 24.91 51.09
R-Sparse 153.68 50.59 54.62 63.70 16.20 26.83 56.94 48.78 28.69 43.29

WAS 124.32 49.57 55.93 64.20 13.20 27.07 61.19 31.69 17.83 40.09
Amber Pruner 123.39 49.64 57.56 64.10 12.80 27.23 61.62 31.52 17.75 40.28

WANDA-S 125.49 48.70 56.75 66.90 13.00 26.94 61.28 31.31 17.32 40.28
KACS 25.49 56.83 67.68 85.90 21.40 35.79 62.78 60.65 25.51 52.07

TEAL* 12.91 61.12 70.44 86.60 25.40 43.54 64.68 64.27 32.08 56.02
KACS* 12.51 61.88 70.57 87.80 26.60 44.04 65.50 65.28 32.85 56.82

Llama-2-13B
0% Baseline 4.88 72.22 79.00 94.50 35.20 60.07 80.61 79.38 48.46 68.68

50%

TEAL 5.47 68.51 77.09 94.90 32.20 57.71 79.63 77.78 44.88 66.59
R-Sparse 5.98 70.00 77.36 95.10 32.00 56.39 76.69 77.78 46.16 66.44

WAS 5.89 67.40 76.77 94.90 32.60 56.85 78.90 77.53 45.39 66.29
Amber Pruner 6.09 69.46 75.90 95.30 32.00 56.14 76.85 77.19 42.58 65.68

WANDA-S 5.83 67.80 77.26 94.50 32.40 57.19 78.75 76.56 43.94 66.05
KACS 5.44 70.56 77.53 95.40 32.80 57.74 79.42 77.65 46.42 67.19

TEAL* 5.44 70.32 78.11 94.40 33.40 58.35 78.78 77.95 46.70 67.25
KACS* 5.43 70.82 78.24 94.70 33.60 58.99 78.93 77.65 46.93 67.48

70%

TEAL 12.56 57.22 70.84 90.70 22.00 40.15 66.15 65.91 31.48 55.56
R-Sparse 39.58 49.41 61.40 75.50 18.60 27.36 61.80 48.11 22.35 45.57

WAS 33.42 49.17 60.23 76.90 14.80 29.16 61.44 44.11 20.39 44.53
Amber Pruner 25.28 58.17 66.92 89.20 22.40 40.99 63.21 57.83 30.12 53.61

WANDA-S 30.59 51.07 63.33 81.80 17.40 30.37 61.65 50.21 22.35 47.27
KACS 10.28 59.27 71.87 90.90 23.80 41.10 66.94 67.34 31.83 56.63

TEAL* 8.32 62.35 74.54 91.90 29.40 51.37 71.65 70.83 38.57 61.33
KACS* 8.04 66.61 74.76 92.20 29.20 52.59 73.15 71.80 39.68 62.50

Table 3: Evaluation across Llama-2-7B and Llama-2-13B at 50% and 70% sparsity levels, showing that KACS con-
sistently outperforms baselines. Note that ‘*’ implies the use of sparsity allocation.
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Figure 6: Layer-wise reconstruction error comparison against the TEAL baseline. We report the ∆ MSE loss relative
to the TEAL baseline (i.e., subtracting the TEAL MSE from each metric’s MSE) across four models. Consequently,
negative values indicate lower error compared to TEAL. The dashed line at 0 represents the performance of TEAL.

Mistral-7B, Llama-2-7B/13B):744

• Validation of Kurtosis-based Metric. First,745

we observe that our proposed Kurtosis-based746

metric consistently outperforms other weight747

norm metrics (e.g., ℓ1/ℓ2 norms). Whereas748

the weight norm metrics frequently fluctuate749

above the zero line (indicating errors higher750

than TEAL), the Kurtosis metric generally751

maintains reconstruction errors lower than the752

TEAL baseline. This demonstrates that Kurto-753

sis serves as a superior metric for identifying754

activation importance.755

• Superiority of Interaction-Aware Strategy.756

Building upon the effective foundation of757

the Kurtosis metric, our Interaction-Aware758

metric demonstrates continuous improvement,759

achieving the lowest reconstruction error760

across almost all layers. By further incorporat-761

ing the interaction information within coupled762

components, this method refines the activa-763

tion selection process and consistently yields764

lower MSE compared to using the Kurtosis765

metric alone. This confirms that integrating766

interaction information leads to more precise767

activation sparsity decisions. 768

• High Sensitivity in Initial Layers. We notice 769

an exception in the very first few layers (e.g., 770

layers 0-1 in Llama-2-7B or 0-3 in Llama-2- 771

13B), where our metrics do not strictly achieve 772

the minimum relative MSE compared to base- 773

lines. This indicates that the initial layers are 774

highly sensitive to compression, consistent 775

with previous research (Ma et al., 2023) which 776

highlights that these layers are both hypersen- 777

sitive to pruning and critical for maintaining 778

model performance. Consequently, practical 779

deployment strategies often recommend keep- 780

ing these initial layers dense to avoid perfor- 781

mance degradation. 782

C Effectiveness Analysis of 783

Kurtosis-based Metric 784

To empirically validate the rationale behind using 785

Kurtosis as a proxy for feature importance, we 786

conducted a controlled ablation study. Crucially, 787

we restricted this specific evaluation exclusively to 788

the Query, Key, and Value (Q, K, V) projections 789

within the MHA layers. Our primary objective 790
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Method PPL ↓ WG PIQA SciQ OBQA HS BoolQ Arc-E Arc-C Avg ↑

TEAL 58.43 51.54 62.68 84.30 19.40 30.65 59.88 53.79 22.44 48.09

Kurtosis 31.36 53.99 66.54 85.90 18.60 35.28 61.71 60.73 27.56 51.29
Outliers → Min 62.81 52.72 64.25 80.30 19.20 29.78 60.12 51.35 22.70 47.55
Outliers → Mean 46.89 53.83 64.58 84.70 19.00 32.26 61.10 56.65 24.23 49.54

Random → Min 37.00 53.99 66.70 84.70 18.20 33.73 61.59 59.09 26.88 50.61
Random → Mean 31.68 55.80 66.38 86.20 19.80 34.55 62.69 59.68 25.77 51.36

Table 4: Ablation study validating the importance of kurtosis. The targeted suppression of outliers (Outliers → Min)
leads to the most severe performance degradation, significantly worse than random suppression. This performance
gap confirms that Kurtosis effectively identifies the most critical, load-bearing parameters in the network.

was to rigorously test whether the high-kurtosis791

features identified by our metric are structurally792

critical for model performance, or if these outliers793

exert a negligible impact on performance. To this794

end, we designed a destructive testing framework795

that compares our method against targeted and ran-796

dom ablation interventions. Specifically, we im-797

plemented Outlier Suppression (Outliers → Min),798

which neutralizes identified outliers by clipping799

them to the minimum value, and Outlier Smooth-800

ing (Outliers → Mean), which replaces them with801

the feature mean to assess the necessity of their802

extreme magnitudes; both strategies were bench-803

marked against random controls where identical804

operations were applied to arbitrarily selected fea-805

tures at equivalent sparsity levels.806

As shown in Table 4, Outlier Suppression807

(Outliers → Min) resulted in the most severe per-808

formance degradation, yielding the lowest aver-809

age accuracy (47.55%) among all settings and a810

catastrophic spike in perplexity. Crucially, this de-811

cline is significantly sharper compared to Random812

Suppression, validating that high-kurtosis features813

possess a much higher information density than814

arbitrary ones. Furthermore, the performance drop815

from Smoothing (Outliers → Mean) confirms that816

simply keeping the channels active is not enough;817

the extreme values themselves are critical for the818

model’s accuracy. The experiment validates that819

outliers are essential information hubs. Therefore,820

preserving these specific outliers is not just bene-821

ficial but imperative for minimizing performance822

loss during sparsification.823

D Decoding Speedup824

To validate the practical efficiency of our frame-825

work, we evaluated the end-to-end single-batch826

decoding latency on an NVIDIA A800 GPU.827

We utilize the official implementation provided828

by TEAL. We enable both CUDA Graphs and 829

torch.compile to ensure a competitive dense 830

baseline. Similar to standard benchmarks, we set 831

the input prompt length to 6 tokens and gener- 832

ated 200 output tokens. Table 5 presents the com- 833

prehensive benchmarking results across Llama-3- 834

8B, Llama-2-7B/13B, and Mistral-7B. Our method 835

achieves significant wall-clock acceleration that 836

scales near-linearly with sparsity, closely matching 837

the state-of-the-art TEAL baseline. For instance, 838

on Llama-2-13B, we observe speedups of 1.58× 839

and 1.92× at 50% and 70% sparsity, respectively, 840

demonstrating effective hardware acceleration. The 841

latency overhead compared to TEAL is consistently 842

negligible (< 2%), confirming that our interaction- 843

aware metric improves selection accuracy with min- 844

imal impact on inference throughput. 845

E Hyperparameter Selection 846

To ensure the effectiveness of our method, we de- 847

termined the values of hyperparameters α and β by 848

performing a grid search on the calibration dataset. 849

We empirically observed that our method achieves 850

robust performance when the hyperparameters are 851

selected within the ranges of α ∈ [0.3, 0.8] and 852

β ∈ [0.05, 0.08]. These ranges consistently yield 853

competitive results across various sparsity levels. 854

F Limitations and Future Work 855

While effective at moderate sparsity, our method 856

faces performance drops in aggressive sparsity 857

regimes. Mitigating this accuracy loss to fully 858

exploit the potential of high-sparsity inference re- 859

quires further investigation. Furthermore, combin- 860

ing our approach with complementary techniques 861

like quantization or MoE architectures represents a 862

promising avenue for broader application. 863
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Model Sparsity Dense TEAL Ours

Speed (tok/s) Speed (tok/s) Speedup Speed (tok/s) Speedup

Llama-3-8B

25%

76.50

91.82 1.20× 91.54 1.20×
40% 106.26 1.39× 105.06 1.37×
50% 113.67 1.49× 114.14 1.49×
70% 129.54 1.69× 128.79 1.68×

Llama-2-7B

25%

83.44

102.82 1.23× 101.57 1.22×
40% 117.98 1.41× 117.11 1.40×
50% 130.14 1.56× 128.12 1.54×
70% 148.01 1.77× 145.54 1.74×

Llama-2-13B

25%

47.05

58.14 1.24× 57.46 1.22×
40% 68.04 1.45× 67.34 1.43×
50% 75.71 1.61× 74.52 1.58×
70% 91.72 1.95× 90.56 1.92×

Mistral-7B

25%

79.02

98.18 1.24× 96.69 1.22×
40% 112.73 1.43× 112.66 1.43×
50% 124.35 1.57× 123.63 1.56×
70% 152.40 1.93× 149.42 1.89×

Table 5: End-to-end inference speedup on NVIDIA A800 GPU. Speed is measured in generated tokens per second
(tokens/s) averaged over 5 independent runs. Our method achieves acceleration comparable to TEAL across all
sparsity levels.

G Ethical Considerations864

Our work primarily contributes to “Green AI” by865

significantly reducing the energy consumption and866

carbon footprint of LLM inference. By lowering867

hardware barriers, our method also promotes the868

democratization of advanced AI, enabling broader869

deployment on resource-constrained devices. As870

is standard practice for any LLM deployment, we871

recommend that users verify the safety alignment872

of the compressed models prior to sensitive appli-873

cations.874

H AI Assistance Disclosure875

In the preparation of this manuscript, the authors876

utilized AI language models (Gemini, Google) to877

assist with language refinement and document for-878

matting. Specifically, AI tools were employed to879

enhance the clarity and grammatical correctness of880

the writing, generate LaTeX code for tables and lay-881

out, and suggest structural organizations for the ap-882

pendix. All core scientific contributions, including883

the conceptualization of the proposed method, al-884

gorithm design, experimental implementation, and885

the analysis of results, were conceived and exe-886

cuted entirely by the authors. The authors have887

carefully reviewed all AI-assisted content for ac- 888

curacy and assume full responsibility for the final 889

manuscript. 890
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