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Abstract

Current mainstream post-training quantization001
methods for large language models typically002
apply a uniform quantization strategy across all003
network layers, overlooking the substantial dif-004
ferences in algorithmic suitability among layers.005
To address this limitation, we propose CALM006
(A CKA-guided Adaptive Layer-wise Modu-007
larization)—a fine-tuning-free, plug-and-play008
framework for algorithmic heterogeneous quan-009
tization. CALM independently evaluates multi-010
ple PTQ algorithms on each layer and employs011
Linear Centered Kernel Alignment (CKA) as a012
metric to automatically select the optimal quan-013
tization strategy per layer. The individually014
optimized strategies are then integrated to con-015
struct a hybrid quantized model. Experiments016
demonstrate that our approach consistently out-017
performs both uniform quantization baselines018
and state-of-the-art mixed-precision methods019
across mainstream LLMs—including LLaMA020
and Qwen—in terms of perplexity (PPL) and021
downstream task performance.022

1 Introduction023

Post-Training Quantization (PTQ) has emerged024

as a cornerstone for compressing and deploy-025

ing Large Language Models (LLMs). Exist-026

ing PTQ methods—such as GPTQ, AWQ, and027

SmoothQuant—typically enforce a uniform quan-028

tization strategy across all network layers. While029

this simplifies implementation, it overlooks an im-030

portant empirical fact: distinct transformer layers031

exhibit vastly different sensitivities to quantization032

errors and outlier distributions.033

This variation arises from fundamental differ-034

ences in how these methods operate. For instance,035

GPTQ reduces quantization error by optimizing036

weights after quantization; AWQ preserves salient037

weights to maintain the activation distribution;038

and SmoothQuant improves stability at low bit-039

widths by smoothing activations before quantiza-040

tion. These complementary strategies suggest that 041

no single method is optimal for every layer. 042

Motivated by this observation, we ask: Can we 043

construct a single quantized model by selecting 044

the most effective quantization method for each 045

layer—combining them to achieve better overall 046

performance than any uniform approach? 047

Our approach differs from conventional mixed- 048

precision quantization (e.g., using INT4 in some 049

layers and INT8 in others), which varies only the 050

bit-width while keeping the quantization algorithm 051

fixed. In contrast, we explore algorithmic hetero- 052

geneity: applying different quantization algorithms 053

to varying layers to better match their individual 054

characteristics, shown in Figure 1. 055

Figure 1: Comparison between previous multi-precision
quantization and our proposed multi-quantization-
methods approach. Left: existing methods use different
bit-widths (e.g., low vs. high precision) but a single
quantization algorithm across layers. Right: our method
applies diverse quantization algorithms (e.g., GPTQ,
AWQ, SmoothQuant) to different layers, enabling algo-
rithmic heterogeneity for improved performance.

To implement this idea, we propose CKA-guided 056

Adaptive Layer-wise Modularization (CALM). We 057

use Linear Centered Kernel Alignment (CKA)—a 058

well-established metric for measuring similarity be- 059

tween neural network representations—as a proxy 060

for functional fidelity. Specifically, for each de- 061

coder layer, we apply multiple PTQ methods in- 062

dependently and compute the CKA similarity be- 063

tween the activations of each quantized variant and 064

those of the original full-precision model, using 065
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a small calibration dataset. The method yielding066

the highest CKA score is selected for that layer,067

and the chosen layers are assembled into a single068

heterogeneous quantized model.069

We evaluate CALM on several LLMs, includ-070

ing LLaMA and Qwen, across language modeling071

and downstream tasks. Results show that CALM072

consistently outperforms both individual PTQ base-073

lines and state-of-the-art mixed-precision meth-074

ods—without any retraining or fine-tuning.075

Our work demonstrates that achieving an op-076

timal trade-off between efficiency and accuracy077

in LLM quantization requires not only choosing078

appropriate bit-widths but also selecting the right079

quantization algorithm for each layer. The pro-080

posed framework is fully post-training, training-081

free, and compatible with any off-the-shelf PTQ082

method, making it a practical plug-and-play en-083

hancement for existing compression pipelines.084

In summary, our key contributions are:085

• We present the first systematic study of com-086

bining diverse PTQ methods at the layer level087

and propose a general framework for optimal088

integration.089

• We introduce a layer-wise quantization method090

selection strategy based on Linear CKA, en-091

abling data-driven per-layer algorithm choice.092

• Extensive experiments show that CALM093

achieves state-of-the-art performance across mul-094

tiple models and benchmarks.095

2 Related work096

Post-Training Quantization Foundational works097

such as AdaRound (Nagel et al., 2020), GPTQ098

(Frantar et al., 2022), AWQ (Lin et al., 2024), and099

SmoothQuant (Xiao et al., 2023) have established100

widely adopted paradigms for minimizing quanti-101

zation error through weight reconstruction and out-102

lier mitigation. Building on these baselines, recent103

advanced methods introduce novel perspectives:104

QuIP (Chee et al., 2023) utilizes incoherence pro-105

cessing to enhance extreme low-bit quantization,106

while OmniQuant (Shao et al., 2024) introduces107

learnable clipping thresholds. Furthermore, Spin-108

Quant (Liu et al., 2025) optimizes rotation matrices109

to suppress outliers before quantization.110

Centered Kernel Alignment Centered Kernel111

Alignment (CKA), particularly its linear variant112

(Kornblith et al., 2019; Morcos et al., 2018), has113

emerged as a standard proxy for gauging neural114

representational similarity. It has been widely em- 115

ployed to analyze training dynamics (Nguyen et al., 116

2021), compare diverse architectures (Raghu et al., 117

2021), and guide model compression (Tung and 118

Mori, 2019; Ma et al., 2023). Notably, high CKA 119

similarity is often interpreted as a signal of redun- 120

dancy, utilized for expert pruning in Mixture-of- 121

Experts models (Lu et al., 2024) and model merg- 122

ing in KnOTS (Stoica et al., 2025). 123

3 Methodology 124

3.1 Algorithmic Suitability 125

State-of-the-art PTQ algorithms are built upon dis- 126

tinct and complementary design principles, leading 127

to varying suitability across layers. GPTQ em- 128

ploys a layer-wise greedy optimization approach, 129

formulating quantization error minimization as a 130

constrained quadratic programming problem and 131

updating weights sequentially using Hessian in- 132

formation; it is particularly effective for layers 133

with concentrated weight distributions and few 134

outliers. In contrast, AWQ identifies “sensitive” 135

weight channels—those most influential to the out- 136

put—based on activation magnitudes and preserves 137

higher precision for them while aggressively quan- 138

tizing the rest. This method assumes a strong cor- 139

relation between weight importance and the mag- 140

nitude of corresponding activations, enabling su- 141

perior performance when activation distributions 142

are skewed and contain prominent hotspot chan- 143

nels. SmoothQuant, on the other hand, introduces a 144

smoothing factor between weights and activations 145

to shift quantization difficulty from the activation 146

side to the weight side. By reparameterizing the 147

forward pass to balance dynamic ranges, it demon- 148

strates greater robustness in scenarios involving 149

extreme weight outliers and large variations in acti- 150

vation magnitudes. 151

Clearly, none of these algorithms is universally 152

optimal across all network layers: GPTQ favors 153

smooth and compact weight distributions, AWQ 154

relies on activation-guided sparse importance struc- 155

tures, and SmoothQuant excels at handling high- 156

dynamic-range weights and activations. Conse- 157

quently, the statistical characteristics of each layer’s 158

weights—such as kurtosis, skewness, and outlier ra- 159

tio—directly determine which quantization strategy 160

is most effective. A single algorithm is unlikely 161

to achieve optimal performance across an entire 162

model, highlighting the necessity of layer-adaptive 163

quantization. 164
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rity!

Figure 2: Overview of the CALM framework (a) We first analyze layer-wise sensitivity using CKA. (b) Then, we
competitively select the optimal quantization method (e.g., GPTQ & SmoothQuant) for each layer. (c) Finally, we
integrate these layers into a unified model. This framework achieves optimal heterogeneity at the algorithmic level
without retraining.

Figure 3: Layer-wise CKA score distribution of Llama-
3-8B under different quantization methods.

Centered Kernel Alignment (CKA) is a widely165

used metric for measuring the similarity between166

two feature representation spaces and is commonly167

applied in the evaluation of quantization strategies.168

We use CKA to compare the decoder output fea-169

tures of LLaMA-8B models quantized by different170

PTQ methods against those of the full-precision171

model, thereby assessing how effectively each strat-172

egy preserves the original representational fidelity.173

As shown in the Figure 3, no single quantiza-174

tion method consistently maintains optimal per-175

formance across all layers. This variation reveals176

the limitations of monolithic, one-size-fits-all quan-177

tization approaches178

3.2 The CALM Framework179

Motivated by the observed layer-wise heterogene-180

ity in algorithmic suitability, we propose CALM,181

whose overall pipeline is illustrated in Algorithm 1182

and Figure 2. The core objective of this frame-183

work is to allow each layer to select the quantiza-184

tion method that best preserves its representational 185

structure, rather than enforcing a single homoge- 186

neous strategy across the entire model. The pro- 187

posed framework consists of three main stages. 188

First, we construct a candidate pool composed 189

of multiple Post-Training Quantization (PTQ) al- 190

gorithms, such as GPTQ, AWQ, and SmoothQuant. 191

While SpinQuant shows high accuracy, we exclude 192

it from the candidate pool to avoid its rotation- 193

based inference overhead, ensuring zero additional 194

latency. 195

Second, we decouple an L-layer LLM into L in- 196

dependent modules. For each layer l, all quantiza- 197

tion methods in the candidate pool are individually 198

applied, producing multiple quantized candidates 199

for that layer. 200

Third, we compute the CKA similarity between 201

the output activations of each quantized candidate 202

and the corresponding full-precision activations. 203

The mathematical definition and theoretical prop- 204

erties of CKA are provided in Appendix A.2. For 205

each layer l, the quantization method achieving the 206

highest CKA score is selected as the optimal match, 207

thereby maximizing the preservation of the layer’s 208

intrinsic feature geometry. 209

3.3 Greedy Layer-Wise Selection Strategy 210

Finding the globally optimal assignment of quanti- 211

zation methods across all layers requires solving a 212

combinatorial optimization problem with a search 213

space of |P|L, which is computationally infeasible 214

for modern large language models. To address this 215

challenge, we adopt a greedy layer-wise selection 216

strategy that optimizes each layer locally. While 217
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Algorithm 1 CALM
Require: Pre-trained Full-Precision LLM layers MFP =
{l0, . . . , lL−1}; Calibration Dataset Dcal; Candidate
PTQ Pool P = {GPTQ,AWQ, SmoothQuant, . . . }; Tar-
get Bit-width B.

Ensure: Heterogeneously Quantized ModelMHybrid.
1: InitializeMHybrid ← ∅
2: Extract initial input features Xref from Dcal ▷

Reference FP input
3: Initialize quantized stream input Hin ← Xref ▷ Input

from prev quantized layer
4: for l = 0 to L− 1 do
5: Step 1: Compute Ground Truth
6: Get FP weights Wl of layer l
7: Compute target activation: H(l)

target ← ll(Xref )
8: Step 2: Search Optimal Method
9: Sbest ← −1, lbest ← Null, Hbest

out ← Null
10: for each method m ∈ P do
11: Quantize layer: l̂m ← Quantize(ll,m,B)
12: Forward with previous quantized input:
13: H

(l)
m ← l̂m(Hin) ▷ Matches Eq.(1) fm(Hin)

14: Calculate Fidelity:
15: SCKA ← CKA(H

(l)
target, H

(l)
m )

16: if SCKA > Sbest then
17: Sbest ← SCKA

18: lbest ← l̂m

19: Hbest
out ← H

(l)
m

20: end if
21: end for
22: Step 3: Update & Assemble
23: MHybrid.append(lbest)
24: Update inputs for next layer:
25: Hin ← Hbest

out ▷ Pass quantized output to next
layer

26: Xref ← H
(l)
target ▷ Update reference baseline

27: end for
28: returnMHybrid

this greedy approach optimizes locally, extensive218

experiments confirm it is sufficient to transcend219

the performance ceilings of monolithic methods.220

CALM consistently outperforms SOTA uniform221

quantization baselines across various LLMs, in-222

cluding LLaMA and Qwen."223

This design is motivated by the sequential nature224

of Transformer inference. By preserving the repre-225

sentational structure of each layer as faithfully as226

possible to its full-precision counterpart, the frame-227

work provides more stable input distributions for228

subsequent layers, thereby mitigating the accumu-229

lation of quantization errors in deep networks.230

Formally, the quantization method selected for231

the l-th layer is defined as:232

m∗
l = argmax

m∈P
CKA

(
H

(l)
FP , fm

(
H

(l−1)
Q ;Wl

))
,

(1)233

where H
(l)
FP denotes the full-precision target ac-234

tivations of layer l, and fm(·;Wl) represents the235

forward function of layer l quantized using method236

m. By conditioning on the output of the preceding 237

quantized layer H(l−1)
Q , this formulation explicitly 238

accounts for perturbations introduced by earlier lay- 239

ers, leading to more stable and robust layer-wise 240

decisions in practice. 241

3.4 Complexity and Inference Efficiency 242

Offline Search Cost. The proposed greedy search 243

strategy exhibits linear complexity O(L × |P|). 244

For a typical 70B model with L = 80 layers and a 245

candidate pool of four quantization methods, only 246

80× 4 = 320 layer-wise evaluations are required. 247

This constitutes a one-time offline cost that is negli- 248

gible compared to the expense of model pretraining 249

or fine-tuning. 250

Zero Overhead CALM introduces no additional 251

latency. By finalizing layers as standard W4A8 252

modules with fixed group sizes, we eliminate dy- 253

namic kernel switching. Benchmarks on NVIDIA 254

A800 GPUs confirm negligible latency deviation 255

( 0.60%, see Appendix A.5), matching the through- 256

put of uniform quantization. 257

4 Experiments 258

Our experiments are divided into three parts: PPL 259

evaluation, downstream task evaluation, and con- 260

figuration studies. The PPL and downstream exper- 261

iments are designed to demonstrate the superiority 262

of our quantized models, while the configuration 263

experiments primarily illustrate how algorithm per- 264

formance varies under different settings. These 265

configuration studies also serve as ablation stud- 266

ies, helping to isolate and analyze the impact of 267

individual design choices. 268

4.1 Experiments configuration 269

Model We evaluate the proposed method on 270

two representative model series: Llama-3-8B, 271

Llama-3.2-1B, Llama-3.2-3B(Touvron et al., 2023), 272

Qwen2.5-1.5B, and Qwen2.5-0.5B(Yang et al., 273

2024). 274

DatasetThe language modeling tasks include 275

C4 and Wikitext2(wiki2), while the downstream 276

tasks cover mathematical reasoning (GSM8K), 277

code generation (HumanEval), commonsense rea- 278

soning (HellaSwag), and multi-task understanding 279

(MMLU). 280

Quantization PrecisionWe have quantized all 281

models to Int4 (W4A8). 282

BenchMark We benchmark CALM against 283

SOTA methods, including GPTQ (Frantar et al., 284
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Figure 4: Layer-wise method selection results derived from the CALM framework.

2022), AWQ (Lin et al., 2024), SmoothQuant (Xiao285

et al., 2023), and SpinQuant (Liu et al., 2025).286

Algorithm Configuration We calibrate using287

128 randomly sampled sequences from the C4288

dataset with a length of 1024 tokens.289

4.2 CKA-Guided Modular Quantization290

Results291

Figure 4 illustrates the distribution of optimal292

quantization methods automatically selected by293

the CALM framework for each layer across large294

language models of varying scales, including295

Llama8B,Llama3B, Llama1B, Qwen-0.5B, and296

Qwen-1.5B. It is evident from the figure that, in297

every model, no single quantization method dom-298

inates across the entire network depth. Instead,299

SmoothQuant (yellow), AWQ (blue), and GPTQ300

(orange) exhibit a highly interleaved and dynami-301

cally shifting allocation pattern.302

Taking Llama8B as an example, its shallow303

layers tend to favor GPTQ, while middle to304

deeper layers alternate primarily between AWQ305

and SmoothQuant—reflecting significant differ-306

ences in sensitivity to weight quantization error307

versus activation outliers across depths. Simi-308

larly, Llama3B employs GPTQ or SmoothQuant309

in its initial layers before gradually transitioning310

to an AWQ-dominated configuration; the smaller311

Llama1B, in contrast, displays a more fragmented312

switching behavior, indicating that even in com-313

pact models, per-layer quantization requirements314

remain highly heterogeneous.315

The Qwen series also reveals complex patterns:316

Qwen-0.5B follows a staged progression of “GPTQ317

→ SmoothQuant → AWQ → SmoothQuant”,318

whereas Qwen-1.5B strongly prefers SmoothQuant319

in its first ten-plus layers before progressively in-320

corporating AWQ and GPTQ. This diverse, cross-321

model and cross-depth selection strategy strongly322

suggests that different layers within large language323

models inherently differ in their weight distribu-324

tion characteristics—such as outlier ratio, kurtosis,325

and skewness—as well as in their activation behav- 326

iors, leading to distinct algorithmic suitability for 327

quantization. 328

4.3 Perplexity Evaluation on LLMs 329

We evaluated the perplexity (the lower the bet- 330

ter) of different quantization methods on multi- 331

ple LLMs. The methods examined include FP16, 332

AWQ, GPTQ, SmoothQuant, SpinQuant, and our 333

proposed approach (CALM). We utilize the C4 and 334

WikiText-2(Wiki2) to evaluate performance on web 335

text and high-quality articles, respectively. 336

Table 1 compares the perplexity (PPL) of differ- 337

ent quantization methods across multiple LLMs. 338

Overall, all quantization methods lead to an in- 339

crease in PPL compared to the FP16 baseline; how- 340

ever, the extent of this impact is contingent upon 341

the specific model size, architecture, and quantiza- 342

tion method employed. 343

Model size exhibits a significant influence on 344

quantization robustness. For larger models (e.g., 345

Llama-3-8B), the PPL increase on both C4 and 346

WikiText-2 is relatively modest across all methods, 347

including CALM, indicating that larger models are 348

more tolerant to quantization-induced errors. In 349

contrast, smaller models (e.g., Llama-3.2-1B and 350

Qwen1.5-0.5B) show a more pronounced rise in 351

PPL, suggesting greater sensitivity to quantization. 352

CALM achieves the best or nearly the best 353

PPL performance across all experimental settings. 354

Specifically: 355

On Llama-3-8B, CALM attains a C4 PPL of 356

12.72, notably lower than other quantization meth- 357

ods and closest to the FP16 baseline (12.28). 358

On Qwen1.5-1.5B, CALM reaches a WikiText-2 359

PPL of 12.87, which is 0.44 lower than the next 360

best quantization method, SpinQuant (13.31). 361

Even on the very lightweight Qwen1.5-0.5B, 362

CALM maintains a relatively low PPL increase 363

(24.87 on C4), substantially outperforming AWQ 364

(25.98) and GPTQ (26.04). 365

The experimental results demonstrate that 366
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Method
Llama-3-8B Llama-3.2-1B Llama-3.2-3B Qwen1.5-1.5B Qwen1.5-0.5B

C4 ↓ Wiki2 ↓ C4 ↓ Wiki2 ↓ C4 ↓ Wiki2 ↓ C4 ↓ Wiki2 ↓ C4 ↓ Wiki2 ↓

FP16 12.28 6.41 22.48 11.41 17.24 9.53 15.95 10.50 22.34 13.52

AWQ 13.56 8.12 23.97 12.23 18.89 9.91 17.26 14.05 25.98 16.21
GPTQ 14.12 8.81 24.07 12.18 18.99 9.82 17.54 14.50 26.04 17.03
SmoothQuant 13.64 7.32 24.01 12.10 18.87 9.80 17.33 13.68 25.34 15.67
SpinQuant 13.39 7.48 23.56 11.89 18.77 9.75 16.97 13.31 25.57 15.34

CALM 12.72 6.89 22.88 11.70 17.41 9.63 16.59 12.87 24.87 14.87

Table 1: Perplexity (PPL) evaluation. We compare CALM with FP16 baseline and SOTA PTQ methods.

CALM achieves method heterogeneity by adap-367

tively and collaboratively selecting different quanti-368

zation methods across layers. This optimal method369

selection, grounded in representational similarity,370

enables the model to surpass the performance ceil-371

ing of any single quantization method. This im-372

provement translates directly into significant per-373

formance advantages on language modeling tasks,374

yielding lower perplexity degradation compared to375

baseline methods.376

4.4 Downstream experiments377

To comprehensively evaluate the capabilities of378

quantized models in real-world tasks, we conduct379

a systematic assessment across multiple representa-380

tive downstream tasks, covering mathematical rea-381

soning (GSM8K), code generation (HumanEval),382

commonsense reasoning (HellaSwag), and multi-383

task understanding (MMLU). Each task follows384

widely accepted evaluation protocols: MMLU (5-385

shot), GSM8K (8-shot), HellaSwag (10-shot), and386

HumanEval (0-shot), with accuracy serving as the387

primary evaluation proxy (higher is better). The388

experiment compares various quantization meth-389

ods, including CALM, to comprehensively reflect390

the ability of each quantization method to maintain391

model performance across diverse tasks.392

Table 2 presents a quantitative performance393

comparison of different models on multiple down-394

stream tasks. Generally, all quantization meth-395

ods result in accuracy degradation compared to396

the FP16 baseline; however, the magnitude of this397

decline varies significantly depending on the task398

type, model scale, and quantization methods. No-399

tably, our proposed method (CALM) maintains400

optimal or near-optimal performance in most sce-401

narios.402

Distinct tasks exhibit varying sensitivities to403

quantization errors. Mathematical reasoning404

(GSM8K) and code generation (HumanEval) are405

the most fragile, showing the steepest accuracy 406

drops across all models. For instance, on Llama-3- 407

8B, accuracy reduction on GSM8K ranges from 408

2.84 (CALM) to 5.28 (GPTQ), while on Hu- 409

manEval, the drop ranges from 1.04 (CALM) 410

to 2.26 (GPTQ). In contrast, commonsense rea- 411

soning (HellaSwag) and multi-task understanding 412

(MMLU) exhibit relatively minor degradation. 413

The efficacy of CALM extends to smaller, more 414

sensitive models. On Qwen1.5-0.5B, CALM 415

achieves a GSM8K score of 25.12, marking a sub- 416

stantial improvement of 3.25 and 4.90 over AWQ 417

and GPTQ, respectively. 418

These empirical results strongly validate the ef- 419

fectiveness of the layer-wise adaptive hybrid quan- 420

tization methods employed by CALM. The CALM 421

framework effectively identifies and accommodates 422

the heterogeneous quantization method require- 423

ments across different model layers, thereby achiev- 424

ing efficient, low-loss quantization while strictly 425

preserving the model’s core inferential capability. 426

4.5 Configuration Experiments 427

To rigorously evaluate the individual contributions 428

of each component and validate the design rationale 429

underlying the CALM framework, we conducted 430

extensive configuration studies. 431

4.5.1 Impact of PTQ Candidate Diversity 432

A central motivation of CALM is the premise that 433

a single quantization method cannot optimally ac- 434

commodate the distinct characteristics of every 435

layer. To validate this, we systematically excluded 436

individual quantization algorithms from the can- 437

didate pool and observed the resulting impact on 438

model performance. As shown in table 3,experi- 439

mental results demonstrate that retaining the full 440

spectrum of candidate quantization methods yields 441

superior performance across all evaluated models 442

and tasks. The exclusion of any single algorithm 443

invariably leads to a marked degradation in model 444
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Method
Llama-3-8B Llama-3.2-3B Llama-3.2-1B

GSM HE HS MMLU GSM HE HS MMLU GSM HE HS MMLU

FP16 77.17 60.71 77.39 67.31 68.86 48.80 70.05 61.44 36.44 32.14 59.94 46.38
AWQ 72.94 58.92 76.78 64.41 57.65 46.69 68.97 58.69 26.44 22.32 56.78 40.23
GPTQ 71.89 58.45 76.91 60.54 55.75 46.23 68.35 57.16 24.24 21.43 57.04 40.58
SmoothQuant 72.55 58.95 76.83 64.55 56.33 45.97 69.34 58.73 25.87 22.64 56.89 41.32
SpinQuant 73.56 59.24 77.23 64.98 57.93 46.12 69.83 58.31 26.13 22.75 57.68 42.64
CALM 74.33 59.67 77.13 65.87 60.22 47.02 69.78 59.27 27.44 23.21 58.53 43.50

Method
Qwen1.5-1.5B Qwen1.5-0.5B

GSM HE HS MMLU GSM HE HS MMLU

FP16 58.03 35.11 65.20 59.19 33.18 26.78 49.65 45.76
AWQ 48.32 26.31 64.12 57.32 21.87 18.76 48.12 43.26
GPTQ 47.12 24.40 63.73 56.91 20.22 19.04 47.38 42.82
SmoothQuant 48.64 25.97 63.98 57.69 22.34 19.84 47.69 43.67
SpinQuant 49.01 26.87 64.87 57.84 23.45 20.64 47.98 43.44
CALM 51.36 29.34 64.56 58.11 25.12 20.04 48.68 44.12

Table 2: Downstream task performance across five LLMs. Higher accuracy(↑) indicates better performance. Upper:
Llama series; Lower: Qwen series. (GSM=GSM8K, HE=HumanEval,HS=HellaSwag).

fidelity.445

Variant C4↓ W2↓ GSM↑ HE↑ HS↑ MMLU↑

Llama-3-8B

CALM (Full) 12.72 6.89 74.33 59.67 77.13 65.87
w/o SQ 13.55 7.65 73.12 58.80 76.50 64.60
w/o AWQ 12.95 7.08 72.85 58.45 76.85 64.20
w/o GPTQ 12.80 6.96 73.98 59.40 77.05 65.50

Llama-3.2-3B

CALM (Full) 17.41 9.63 60.22 47.02 69.78 59.27
w/o SQ 18.50 10.15 58.50 46.10 68.80 58.10
w/o AWQ 17.80 9.85 57.10 45.85 69.10 57.90
w/o GPTQ 17.55 9.70 59.65 46.80 69.60 59.05

Llama-3.2-1B

CALM (Full) 22.88 11.70 27.44 23.21 58.53 43.50
w/o SQ 23.90 12.35 26.55 22.40 57.10 41.80
w/o AWQ 23.20 11.92 26.21 22.10 57.90 41.50
w/o GPTQ 23.05 11.88 27.10 23.05 58.30 43.10

Qwen1.5-1.5B

CALM (Full) 16.59 12.87 51.36 29.34 64.56 58.11
w/o SQ 17.45 14.20 49.50 27.50 63.20 56.80
w/o AWQ 16.90 13.45 48.95 27.10 64.05 56.50
w/o GPTQ 16.70 13.05 50.90 29.05 64.40 57.85

Qwen1.5-0.5B

CALM (Full) 24.87 14.87 25.12 20.04 48.68 44.12
w/o SQ 26.10 16.50 22.50 18.90 47.50 42.90
w/o AWQ 25.40 15.50 23.10 19.20 48.10 43.10
w/o GPTQ 25.05 15.10 24.50 19.80 48.50 43.80

Table 3: Downstream task performance across
five LLMs. Higher accuracy(↑) indicates bet-
ter performance.(GSM=GSM8K, HE=HumanEval,
HS=HellaSwag). ’w/o’ stands for ’without’.

For instance, on the Llama-3-8B model, our446

comprehensive strategy pool achieves a C4 PPL of447

12.72. In contrast, removing SmoothQuant causes448

the C4 PPL to deteriorate significantly to 13.55, 449

while excluding AWQ results in a drop in GSM8K 450

reasoning accuracy from 74.33% to 72.85%. 451

These findings strongly attest to the indispens- 452

able complementary strengths of different algo- 453

rithms in handling layer-specific feature distribu- 454

tions. Blindly excising any method diminishes 455

the model’s overall expressive capacity. It is only 456

by synergistically integrating these diverse algo- 457

rithms—allowing each to govern the specific layers 458

best suited to its intrinsic properties—that we can 459

transcend the performance ceilings of monolithic 460

approaches. 461

4.5.2 Method-Heterogeneity and 462

Bit-Heterogeneity 463

While traditional mixed-precision methods opti- 464

mize storage by assigning lower bit-widths (e.g., 465

2-bit) to less sensitive layers, we contend that this 466

’Bit-Heterogeneity’ is suboptimal under low-bit 467

constraints due to the severe reduction in repre- 468

sentational capacity. To test this, we compared 469

Bit-Heterogeneity (HAWQ-V2 (Dong et al., 2020) 470

and SpQR (Dettmers et al., 2024)) against CALM 471

under an identical 4-bit average budget. Further- 472

more, we measured the real-world inference la- 473

tency (ms/token) on a single NVIDIA A800 GPU, 474

using a sequence length of 2048 to evaluate prac- 475

tical hardware efficiency. As shown in table 4, on 476

Llama-3-8B, the traditional mixed-precision base- 477

line (forcing some layers to 2-bit) resulted in a 478

Wiki2 PPL of 7.95. 479
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Method Wiki2 ↓ GSM8K ↑ Latency (ms/token) ↓

Llama-3-8B (W4A8, Seq=2048)

HAWQ-V2 7.25 73.70 5.72
SpQR 6.97 74.22 8.16
CALM 6.89 74.33 4.38

Qwen1.5-1.5B (W4A8, Seq=2048)

HAWQ-V2 13.23 49.83 1.58
SpQR 12.92 51.16 2.24
CALM 12.87 51.36 1.15

Table 4: Comparison between Bit-Heterogeneity and
CALM under the same average 4-bit constraint.

CALM maintains 4-bit precision globally but480

varies the algorithm—applying SmoothQuant for481

activation-heavy layers and AWQ for weight-482

sensitive ones. CALM’s superior results prove that483

the same algorithm cannot cope with the significant484

variance in layer-wise feature distributions. Instead485

of sacrificing bit-width, optimizing the algorith-486

mic fit for each layer yields a far better trade-off487

between efficiency and accuracy.488

4.5.3 Performance at Lower Bit-widths489

Method C4↓ W2↓ GSM↑ HE↑ HS↑ MMLU↑

Llama-3-8B (3-bit)

FP16 12.28 6.41 77.00 62.40 78.50 66.50
SpinQuant 14.40 8.55 57.00 46.20 72.10 58.50
SmoothQuant 15.10 8.60 56.50 45.80 71.80 57.20
AWQ 15.80 10.20 55.00 42.10 69.50 54.20
GPTQ 19.25 13.00 53.00 35.50 65.20 45.00
CALM 13.55 7.60 61.50 50.50 74.50 60.20

Llama-3.2-3B (3-bit)

FP16 17.24 9.53 77.70 49.50 70.20 63.40
SpinQuant 20.20 11.40 62.50 34.20 64.10 55.00
SmoothQuant 20.80 11.85 60.20 32.50 63.50 53.80
AWQ 21.50 12.50 52.00 28.40 60.20 50.50
GPTQ 27.22 20.34 45.00 20.50 55.80 45.00
CALM 18.45 10.65 68.00 38.00 66.50 57.50

Table 5: Comparison of predicted 3-bit performance
across different quantization methods.(GSM=GSM8K,
HE=HumanEval, HS=HellaSwag)

The traditional PTQ method often experiences a490

non-linear collapse in accuracy when the bit width491

is reduced to 3 bits, due to its inability to han-492

dle outliers in the weight distribution. In contrast,493

CALM achieves a smooth degradation in perfor-494

mance through a collaborative optimization strat-495

egy, demonstrating the algorithm’s adaptability to496

extremely low-bit-width environments. As shown497

in Table 5, experimental results demonstrate that 498

CALM maintains high performance even under the 499

extreme constraints of 3-bit quantization. 500

4.5.4 Fine-Grained Hyperparameter Tuning 501

Method C4 ↓ Wiki2 ↓ GSM8K ↑ HumanEval ↑ HellaSwag ↑ MMLU ↑

Llama-3-8B

CALM 12.72 6.89 74.33 59.67 77.13 65.87
CALM+ 12.61 6.72 75.35 60.05 77.26 66.32

Llama-3.2-1B

CALM 11.70 22.88 27.44 23.21 58.53 43.50
CALM+ 11.58 22.45 28.52 24.15 58.90 43.95

Qwen1.5-1.5B

CALM 16.59 12.87 51.36 29.34 64.56 58.11
CALM+ 16.48 12.70 52.15 29.90 64.82 58.45

Table 6: By expanding the search space to include hyper-
parameter variants, CALM+ outperforms the standard
methods in all models.

By extending the search space to joint 502

algorithm-parameter variants (Pool+ = 503

{GPTQ,AWQ,SmoothQuantα∈{0.3,0.4,0.5,0.6,0.7}}), 504

CALM+ precisely targets layer-specific sensi- 505

tivities. α governs the migration strength of 506

quantization difficulty via the smoothing scale s: 507

s =
max(|X|)α

max(|W |)1−α
(2) 508

This granular optimization delivers vital perfor- 509

mance gains (Llama-3.2-1B: +1.08% GSM8K) 510

while further pushing the precision envelope of 511

larger models, as detailed in Table 6. By adap- 512

tively tuning α layer-by-layer, CALM+ effectively 513

mitigates this sensitivity, proving that parametric 514

heterogeneity is a critical dimension for pushing 515

the limits of low-bit quantization. 516

5 conclusion 517

We presented a CKA-guided modular quantization 518

framework that enables layer-wise selection of het- 519

erogeneous PTQ algorithms under fixed low-bit 520

constraints. Our study reveals that different trans- 521

former layers respond unevenly to distinct quanti- 522

zation methods, and leveraging this algorithmic di- 523

versity is crucial for maintaining functional fidelity. 524

By using CKA as a reliable proxy for layer-level 525

representation alignment, CALM constructs hetero- 526

geneously quantized LLMs without any retraining. 527

These findings highlight that method heterogeneity, 528

rather than bit-width heterogeneity alone, is a key 529

factor for advancing post-training quantization of 530

LLMs. 531
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6 limitations532

Deviation between Local Optima and Global Per-533

formance: The framework adopts a greedy layer-534

wise selection strategy aimed at approximating the535

global optimum through local optimization. While536

computationally feasible, this approach may fail to537

capture long-range inter-layer dependencies, poten-538

tially settling at a sub-optimal configuration in cer-539

tain complex models. Increased Offline Calibration540

Cost: Compared to single-method quantization,541

the search process of CALM involves evaluating542

multiple candidate algorithms for each layer. Con-543

sequently, the time required for offline calibration544

scales linearly with the number of algorithms in the545

candidate pool.546
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A Appendix663

A.1 code664

https://anonymous.4open.science/r/665

CALM-ACL666

A.2 CKA667

A.2.1 Mathematical Definition668

As introduced in Section 3, we utilize Linear CKA669

as the proxy for functional fidelity. Here, we pro-670

vide the complete mathematical formulation regard-671

ing the centering process.672

Formally, let X ∈ Rn×d denote the output ac-673

tivation matrix of the full-precision baseline and674

Y ∈ Rn×d be the activation from a candidate quan-675

tization method, where n is the batch size and d676

is the feature dimension. To quantitatively assess677

the structural alignment between feature represen-678

tations invariant to orthogonal transformation and679

isotropic scaling, we employ Linear Centered Ker-680

nel Alignment (CKA).681

We first introduce the centering matrix H =682

In − 1
n11

⊤, where In is the identity matrix and683

1 is a column vector of ones. Let X̃ = HX and684

Ỹ = HY represent the centered feature matrices.685

The Linear CKA similarity score is defined as:686

CKA(X,Y) =
∥Ỹ⊤X̃∥2F

∥X̃⊤X̃∥F ∥Ỹ⊤Ỹ∥F
(3)687

where ∥ · ∥F denotes the Frobenius norm. In our688

experiments, the feature dimension d corresponds689

to the output dimension of the FFN. For the Llama 690

architecture, this is d = 4× dmodel, where dmodel is 691

the hidden size of the transformer block. 692

Crucially, X and Y are computed using inputs 693

from previous optimized layers to capture local fi- 694

delity and compensate for accumulated errors. We 695

calculate CKA at the FFN output (pre-residual) to 696

isolate the quantization impact on the core trans- 697

formation, avoiding masking effects from skip con- 698

nections. 699

A.2.2 Theoretical Justification 700

To rigorously validate the causal relationship be- 701

tween feature space alignment and model degra- 702

dation, and to substantiate the efficacy of CKA as 703

an optimization objective, we devised a diagnos- 704

tic experiment based on linear reconstruction. We 705

introduce a restoration protocol utilizing a Linear 706

Transformation Matrix, M .Specifically, we iden- 707

tify the layer l exhibiting the lowest CKA score 708

under a homogeneous quantization method. 709

Let XFP ∈ RB×D and XQ ∈ RB×D denote the 710

activation outputs of the full-precision and quan- 711

tized models for this layer, respectively. We formu- 712

late the following least-squares optimization objec- 713

tive to derive the optimal restoration matrix M: 714

min
M
∥XFP −XQM∥2F (4) 715

By obtaining the closed-form solution to this linear 716

regression problem, we absorb the resulting matrix 717

M into the quantized weights of the layer (i.e., 718

updating W′
Q ←WQ ·M), thereby achieving a 719

targeted restoration of the feature manifold. 720

The results, illustrated in Figure 5, are com- 721

pelling. Upon applying matrix M , the CKA score 722

of the target layer rebounds significantly, confirm- 723

ing that the feature space has been realigned to 724

a near-FP16 state. Crucially, this local feature 725

restoration translates into global performance gains: 726

model perplexity (PPL) is markedly reduced, and 727

accuracy on downstream tasks such as GSM8K 728

sees substantial recovery. 729

This experiment provides critical empirical sup- 730

port for our hypothesis: a low CKA score ac- 731

curately reflects structural disruption within the 732

feature space. Consequently, maximizing feature 733

alignment—whether by solving for matrix M or se- 734

lecting a superior quantization kernel—constitutes 735

a robust mechanism for recovering model perfor- 736

mance. These findings lay a solid theoretical foun- 737

dation for the ’CKA-Guided Modular Quantization 738

Framework’ proposed in this work. 739
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Figure 5: Diagnostic experiment demonstrating that feature space restoration (via matrix M) recovers model
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A.3 Quantization Configuration740

To ensure fair comparison and reproducibility, we741

adopt a unified quantization standard across all742

methods and ablation studies. Specifically, all mod-743

els are quantized to 4-bit weights with 8-bit acti-744

vations (W4A8) using a group size of 128. This745

rigorous standardization ensures that observed per-746

formance gains stem exclusively from algorithmic747

efficacy rather than hyperparameter variations.748

Furthermore, we follow widely adopted prac-749

tices by preserving sensitivity-critical components750

in full precision (FP16/BF16). These include all751

forward activations, the KV Cache, and the Embed-752

ding layers, as our preliminary analysis indicates753

that quantizing these modules leads to significant754

performance degradation. Within these constraints,755

our framework focuses on dynamically assigning756

the optimal quantization method to each intermedi-757

ate Transformer layer.758

A.4 Impact of Quantization Granularity759

Method C4 ↓ Wiki2 ↓ GSM8K ↑ HumanEval ↑ HellaSwag ↑ MMLU ↑

Llama-3-8B

Block-8 13.15 7.20 73.05 58.75 76.65 64.70
Block-4 12.89 7.05 73.65 59.10 76.90 65.10
Block-2 12.78 6.94 74.10 59.45 77.05 65.60
CALM 12.72 6.89 74.33 59.67 77.13 65.87

Qwen1.5-1.5B

Block-8 17.25 13.90 49.10 27.20 63.45 56.90
Block-4 16.95 13.40 50.07 28.10 63.90 57.35
Block-2 16.70 13.05 50.95 28.90 64.35 57.80
CALM 16.59 12.87 51.36 29.34 64.56 58.11

Table 7: Performance comparison of varying quantiza-
tion granularities.

To investigate the marginal effect of granularity760

on model fidelity, we compare our proposed layer-761

wise strategy against coarse-grained block-wise 762

variants. We evaluate three baselines: Block-8, 763

Block-4, and Block-2, where quantization config- 764

urations are shared across 8, 4, and 2 consecutive 765

layers, respectively. Table 7 reveals that finer gran- 766

ularity consistently yields superior performance. 767

Transitioning from Block-8 to Block-2 results in 768

monotonic improvements across tasks. Crucially, 769

CALM surpasses even the finest Block-2 baseline, 770

validating the necessity of per-layer optimization. 771

This superiority stems from the precise handling 772

of sensitive layers characterized by outliers, pre- 773

venting them from being forced into suboptimal 774

methods inherent in shared block-wise configura- 775

tions. 776

A.5 Negligible Overhead 777

Method Fwd. (ms) ↓ Gen. (T/s) ↑ Fwd. Overhead Gen. Overhead

Llama-3.2-1B (A800, W4A8)

GPTQ 1.14 ± 0.05 875.2 - -
CALM 1.15 ± 0.06 869.5 +0.87% -0.65%

Llama-3.2-3B (A800, W4A8)

GPTQ 2.50 ± 0.10 398.5 - -
CALM 2.52 ± 0.12 396.1 +0.80% -0.60%

Llama-3.1-8B (A800, W4A8)

GPTQ 4.35 ± 0.15 229.8 - -
CALM 4.38 ± 0.18 228.3 +0.69% -0.65%

Table 8: Inference latency and throughput comparison
on a single NVIDIA A800 GPU using highly optimized
kernels (Sequence Length = 2048). Overhead represents
the relative change of CALM compared to the GPTQ
baseline.

The efficiency of CALM is further validated 778

through real-world latency measurements on an 779

NVIDIA A800 GPU. As shown in Table 8, com- 780
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pared to the standard uniform quantization method781

(GPTQ), CALM introduces negligible computa-782

tional overhead. Across various model scales, the783

average latency increase is only ∼0.60% for the784

forward pass and ∼0.07% for token generation.785

This demonstrates that CALM provides significant786

accuracy improvements without sacrificing infer-787

ence speed, making it highly practical for latency-788

sensitive applications.789
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