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Abstract

Current mainstream post-training quantization
methods for large language models typically
apply a uniform quantization strategy across all
network layers, overlooking the substantial dif-
ferences in algorithmic suitability among layers.
To address this limitation, we propose CALM
(A CKA-guided Adaptive Layer-wise Modu-
larization)—a fine-tuning-free, plug-and-play
framework for algorithmic heterogeneous quan-
tization. CALM independently evaluates multi-
ple PTQ algorithms on each layer and employs
Linear Centered Kernel Alignment (CKA) as a
metric to automatically select the optimal quan-
tization strategy per layer. The individually
optimized strategies are then integrated to con-
struct a hybrid quantized model. Experiments
demonstrate that our approach consistently out-
performs both uniform quantization baselines
and state-of-the-art mixed-precision methods
across mainstream LLMs—including LLaMA
and Qwen—in terms of perplexity (PPL) and
downstream task performance.

1 Introduction

Post-Training Quantization (PTQ) has emerged
as a cornerstone for compressing and deploy-
ing Large Language Models (LLMs). Exist-
ing PTQ methods—such as GPTQ, AWQ, and
SmoothQuant—typically enforce a uniform quan-
tization strategy across all network layers. While
this simplifies implementation, it overlooks an im-
portant empirical fact: distinct transformer layers
exhibit vastly different sensitivities to quantization
errors and outlier distributions.

This variation arises from fundamental differ-
ences in how these methods operate. For instance,
GPTQ reduces quantization error by optimizing
weights after quantization; AWQ preserves salient
weights to maintain the activation distribution;
and SmoothQuant improves stability at low bit-
widths by smoothing activations before quantiza-

tion. These complementary strategies suggest that
no single method is optimal for every layer.

Motivated by this observation, we ask: Can we
construct a single quantized model by selecting
the most effective quantization method for each
layer—combining them to achieve better overall
performance than any uniform approach?

Our approach differs from conventional mixed-
precision quantization (e.g., using INT4 in some
layers and INTS in others), which varies only the
bit-width while keeping the quantization algorithm
fixed. In contrast, we explore algorithmic hetero-
geneity: applying different quantization algorithms
to varying layers to better match their individual
characteristics, shown in Figure 1.
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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
Adaptive Layer-wise Modularization (CALM). We
use Linear Centered Kernel Alignment (CKA)—a
well-established metric for measuring similarity be-
tween neural network representations—as a proxy
for functional fidelity. Specifically, for each de-
coder layer, we apply multiple PTQ methods in-
dependently and compute the CKA similarity be-
tween the activations of each quantized variant and
those of the original full-precision model, using



a small calibration dataset. The method yielding
the highest CKA score is selected for that layer,
and the chosen layers are assembled into a single
heterogeneous quantized model.

We evaluate CALM on several LLMs, includ-
ing LLaMA and Qwen, across language modeling
and downstream tasks. Results show that CALM
consistently outperforms both individual PTQ base-
lines and state-of-the-art mixed-precision meth-
ods—without any retraining or fine-tuning.

Our work demonstrates that achieving an op-
timal trade-off between efficiency and accuracy
in LLM quantization requires not only choosing
appropriate bit-widths but also selecting the right
quantization algorithm for each layer. The pro-
posed framework is fully post-training, training-
free, and compatible with any off-the-shelf PTQ
method, making it a practical plug-and-play en-
hancement for existing compression pipelines.

In summary, our key contributions are:

* We present the first systematic study of com-
bining diverse PTQ methods at the layer level
and propose a general framework for optimal
integration.

* We introduce a layer-wise quantization method
selection strategy based on Linear CKA, en-
abling data-driven per-layer algorithm choice.

* Extensive experiments show that CALM
achieves state-of-the-art performance across mul-
tiple models and benchmarks.

2 Related work

Post-Training Quantization Foundational works
such as AdaRound (Nagel et al., 2020), GPTQ
(Frantar et al., 2022), AWQ (Lin et al., 2024), and
SmoothQuant (Xiao et al., 2023) have established
widely adopted paradigms for minimizing quanti-
zation error through weight reconstruction and out-
lier mitigation. Building on these baselines, recent
advanced methods introduce novel perspectives:
QulIP (Chee et al., 2023) utilizes incoherence pro-
cessing to enhance extreme low-bit quantization,
while OmniQuant (Shao et al., 2024) introduces
learnable clipping thresholds. Furthermore, Spin-
Quant (Liu et al., 2025) optimizes rotation matrices
to suppress outliers before quantization.
Centered Kernel Alignment Centered Kernel
Alignment (CKA), particularly its linear variant
(Kornblith et al., 2019; Morcos et al., 2018), has
emerged as a standard proxy for gauging neural

representational similarity. It has been widely em-
ployed to analyze training dynamics (Nguyen et al.,
2021), compare diverse architectures (Raghu et al.,
2021), and guide model compression (Tung and
Mori, 2019; Ma et al., 2023). Notably, high CKA
similarity is often interpreted as a signal of redun-
dancy, utilized for expert pruning in Mixture-of-
Experts models (Lu et al., 2024) and model merg-
ing in KnOTS (Stoica et al., 2025).

3 Methodology

3.1 Algorithmic Suitability

State-of-the-art PTQ algorithms are built upon dis-
tinct and complementary design principles, leading
to varying suitability across layers. GPTQ em-
ploys a layer-wise greedy optimization approach,
formulating quantization error minimization as a
constrained quadratic programming problem and
updating weights sequentially using Hessian in-
formation; it is particularly effective for layers
with concentrated weight distributions and few
outliers. In contrast, AWQ identifies “sensitive”
weight channels—those most influential to the out-
put—based on activation magnitudes and preserves
higher precision for them while aggressively quan-
tizing the rest. This method assumes a strong cor-
relation between weight importance and the mag-
nitude of corresponding activations, enabling su-
perior performance when activation distributions
are skewed and contain prominent hotspot chan-
nels. SmoothQuant, on the other hand, introduces a
smoothing factor between weights and activations
to shift quantization difficulty from the activation
side to the weight side. By reparameterizing the
forward pass to balance dynamic ranges, it demon-
strates greater robustness in scenarios involving
extreme weight outliers and large variations in acti-
vation magnitudes.

Clearly, none of these algorithms is universally
optimal across all network layers: GPTQ favors
smooth and compact weight distributions, AWQ
relies on activation-guided sparse importance struc-
tures, and SmoothQuant excels at handling high-
dynamic-range weights and activations. Conse-
quently, the statistical characteristics of each layer’s
weights—such as kurtosis, skewness, and outlier ra-
tio—directly determine which quantization strategy
is most effective. A single algorithm is unlikely
to achieve optimal performance across an entire
model, highlighting the necessity of layer-adaptive
quantization.
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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.

O AWQ-4bit@ GPTQ-4bitE SmoothQuant

CKA Score

14 16 19

1 3 7 26

Transformer Layer Index

23

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

Centered Kernel Alignment (CKA) is a widely
used metric for measuring the similarity between
two feature representation spaces and is commonly
applied in the evaluation of quantization strategies.
We use CKA to compare the decoder output fea-
tures of LLaMA-8B models quantized by different
PTQ methods against those of the full-precision
model, thereby assessing how effectively each strat-
egy preserves the original representational fidelity.
As shown in the Figure 3, no single quantiza-
tion method consistently maintains optimal per-
formance across all layers. This variation reveals
the limitations of monolithic, one-size-fits-all quan-
tization approaches

3.2 The CALM Framework

Motivated by the observed layer-wise heterogene-
ity in algorithmic suitability, we propose CALM,
whose overall pipeline is illustrated in Algorithm 1
and Figure 2. The core objective of this frame-
work is to allow each layer to select the quantiza-

tion method that best preserves its representational
structure, rather than enforcing a single homoge-
neous strategy across the entire model. The pro-
posed framework consists of three main stages.

First, we construct a candidate pool composed
of multiple Post-Training Quantization (PTQ) al-
gorithms, such as GPTQ, AWQ, and SmoothQuant.
While SpinQuant shows high accuracy, we exclude
it from the candidate pool to avoid its rotation-
based inference overhead, ensuring zero additional
latency.

Second, we decouple an L-layer LLM into L in-
dependent modules. For each layer [, all quantiza-
tion methods in the candidate pool are individually
applied, producing multiple quantized candidates
for that layer.

Third, we compute the CKA similarity between
the output activations of each quantized candidate
and the corresponding full-precision activations.
The mathematical definition and theoretical prop-
erties of CKA are provided in Appendix A.2. For
each layer [, the quantization method achieving the
highest CKA score is selected as the optimal match,
thereby maximizing the preservation of the layer’s
intrinsic feature geometry.

3.3 Greedy Layer-Wise Selection Strategy

Finding the globally optimal assignment of quanti-
zation methods across all layers requires solving a
combinatorial optimization problem with a search
space of |P|”, which is computationally infeasible
for modern large language models. To address this
challenge, we adopt a greedy layer-wise selection
strategy that optimizes each layer locally. While



Algorithm 1 CALM

Require: Pre-trained Full-Precision LLM layers Mpp =
{lo,...,lL—1}; Calibration Dataset D.q;; Candidate
PTQ Pool P = {GPTQ, AWQ, SmoothQuant, . .. }; Tar-
get Bit-width B.

Ensure: Heterogeneously Quantized Model M gyprid-

1: Initialize M grypria 0

2: Extract initial input features X,y from Dcq; >
Reference FP input

3: Initialize quantized stream input Hy, < Xyey
from prev quantized layer

4: forl=0to L — 1do

5: Step 1: Compute Ground Truth

6: Get FP weights W, of layer [

7.

8

9

> Input

Compute target activation: H, t((ll)rget — U(Xyey)
Step 2: Search Optimal Method
© Stest — —1, lpest <+ Null, H2¢5! + Null
10: for each method m € P do

11: Quantize layer: "™ < Quantize(l;, m, B)
12: Forward with previous quantized input:
13: HY « ™ (Hypn) >Matches Eq.(1) fo (Hin)
14: Calculate Fidelity:

15: Scrca < CKA(HY), o, HY)

16: if Scrxa > Sbest then

17: Shest < Scra

18: lpest 1™

19: HYeit + HY)

20: end if

21: end for

22: Step 3: Update & Assemble
23: M ybria-append(lpest)
24: Update inputs for next layer:

25: Hin « HS! > Pass quantized output to next
layer

26: Xref +— H t(é)rget > Update reference baseline

27: end for

28: return M gyprid

this greedy approach optimizes locally, extensive
experiments confirm it is sufficient to transcend
the performance ceilings of monolithic methods.
CALM consistently outperforms SOTA uniform
quantization baselines across various LLMs, in-
cluding LLaMA and Qwen."

This design is motivated by the sequential nature
of Transformer inference. By preserving the repre-
sentational structure of each layer as faithfully as
possible to its full-precision counterpart, the frame-
work provides more stable input distributions for
subsequent layers, thereby mitigating the accumu-
lation of quantization errors in deep networks.

Formally, the quantization method selected for
the [-th layer is defined as:

m = arg max CKA (Hﬁ?P fn (Hg‘”; Wl)) :
mePpP

(1)

where H%)P denotes the full-precision target ac-

tivations of layer [, and f,,(-; W;) represents the
forward function of layer [ quantized using method

m. By conditioning on the output of the preceding
quantized layer Hgfl), this formulation explicitly
accounts for perturbations introduced by earlier lay-
ers, leading to more stable and robust layer-wise

decisions in practice.

3.4 Complexity and Inference Efficiency

Offline Search Cost. The proposed greedy search
strategy exhibits linear complexity O(L x |P|).
For a typical 70B model with L = 80 layers and a
candidate pool of four quantization methods, only
80 x 4 = 320 layer-wise evaluations are required.
This constitutes a one-time offline cost that is negli-
gible compared to the expense of model pretraining
or fine-tuning.

Zero Overhead CALM introduces no additional
latency. By finalizing layers as standard W4AS8
modules with fixed group sizes, we eliminate dy-
namic kernel switching. Benchmarks on NVIDIA
A800 GPUs confirm negligible latency deviation
(0.60%, see Appendix A.5), matching the through-
put of uniform quantization.

4 Experiments

Our experiments are divided into three parts: PPL
evaluation, downstream task evaluation, and con-
figuration studies. The PPL and downstream exper-
iments are designed to demonstrate the superiority
of our quantized models, while the configuration
experiments primarily illustrate how algorithm per-
formance varies under different settings. These
configuration studies also serve as ablation stud-
ies, helping to isolate and analyze the impact of
individual design choices.

4.1 Experiments configuration

Model We evaluate the proposed method on
two representative model series: Llama-3-8B,
Llama-3.2-1B, Llama-3.2-3B(Touvron et al., 2023),
Qwen2.5-1.5B, and Qwen2.5-0.5B(Yang et al.,
2024).

DatasetThe language modeling tasks include
C4 and Wikitext2(wiki2), while the downstream
tasks cover mathematical reasoning (GSMS8K),
code generation (HumanEval), commonsense rea-
soning (HellaSwag), and multi-task understanding
(MMLU).

Quantization PrecisionWe have quantized all
models to Int4 (W4AS).

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

2022), AWQ (Lin et al., 2024), SmoothQuant (Xiao
et al., 2023), and SpinQuant (Liu et al., 2025).

Algorithm Configuration We calibrate using
128 randomly sampled sequences from the C4
dataset with a length of 1024 tokens.

4.2 CKA-Guided Modular Quantization
Results

Figure 4 illustrates the distribution of optimal
quantization methods automatically selected by
the CALM framework for each layer across large
language models of varying scales, including
Llama8B,Llama3B, LlamalB, Qwen-0.5B, and
Qwen-1.5B. It is evident from the figure that, in
every model, no single quantization method dom-
inates across the entire network depth. Instead,
SmoothQuant (yellow), AWQ (blue), and GPTQ
(orange) exhibit a highly interleaved and dynami-
cally shifting allocation pattern.

Taking Llama8B as an example, its shallow
layers tend to favor GPTQ, while middle to
deeper layers alternate primarily between AWQ
and SmoothQuant—reflecting significant differ-
ences in sensitivity to weight quantization error
versus activation outliers across depths. Simi-
larly, Llama3B employs GPTQ or SmoothQuant
in its initial layers before gradually transitioning
to an AWQ-dominated configuration; the smaller
LlamalB, in contrast, displays a more fragmented
switching behavior, indicating that even in com-
pact models, per-layer quantization requirements
remain highly heterogeneous.

The Qwen series also reveals complex patterns:
Qwen-0.5B follows a staged progression of “GPTQ
— SmoothQuant — AWQ — SmoothQuant”,
whereas Qwen-1.5B strongly prefers SmoothQuant
in its first ten-plus layers before progressively in-
corporating AWQ and GPTQ. This diverse, cross-
model and cross-depth selection strategy strongly
suggests that different layers within large language
models inherently differ in their weight distribu-
tion characteristics—such as outlier ratio, kurtosis,

and skewness—as well as in their activation behav-
iors, leading to distinct algorithmic suitability for
quantization.

4.3 Perplexity Evaluation on LL.Ms

We evaluated the perplexity (the lower the bet-
ter) of different quantization methods on multi-
ple LLMs. The methods examined include FP16,
AWQ, GPTQ, SmoothQuant, SpinQuant, and our
proposed approach (CALM). We utilize the C4 and
WikiText-2(Wiki2) to evaluate performance on web
text and high-quality articles, respectively.

Table 1 compares the perplexity (PPL) of differ-
ent quantization methods across multiple LLMs.
Overall, all quantization methods lead to an in-
crease in PPL compared to the FP16 baseline; how-
ever, the extent of this impact is contingent upon
the specific model size, architecture, and quantiza-
tion method employed.

Model size exhibits a significant influence on
quantization robustness. For larger models (e.g.,
Llama-3-8B), the PPL increase on both C4 and
WikiText-2 is relatively modest across all methods,
including CALM, indicating that larger models are
more tolerant to quantization-induced errors. In
contrast, smaller models (e.g., Llama-3.2-1B and
Qwen1.5-0.5B) show a more pronounced rise in
PPL, suggesting greater sensitivity to quantization.

CALM achieves the best or nearly the best
PPL performance across all experimental settings.
Specifically:

On Llama-3-8B, CALM attains a C4 PPL of
12.72, notably lower than other quantization meth-
ods and closest to the FP16 baseline (12.28).

On Qwenl.5-1.5B, CALM reaches a WikiText-2
PPL of 12.87, which is 0.44 lower than the next
best quantization method, SpinQuant (13.31).

Even on the very lightweight Qwenl1.5-0.5B,
CALM maintains a relatively low PPL increase
(24.87 on C4), substantially outperforming AWQ
(25.98) and GPTQ (26.04).

The experimental results demonstrate that



Llama-3-8B Llama-3.2-1B Llama-3.2-3B Qwenl.5-1.5B Qwenl.5-0.5B

Method
C4) Wiki2| C4] Wiki2| C4| Wiki2| C4] Wiki2]| C4] Wiki2 |

FP16 12.28 6.41 22.48 1141 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 2598 16.21
GPTQ 14.12 8.81 24.07 12.18 18.99 9.82 17.54 1450  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 2487 14.87

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

CALM achieves method heterogeneity by adap-
tively and collaboratively selecting different quanti-
zation methods across layers. This optimal method
selection, grounded in representational similarity,
enables the model to surpass the performance ceil-
ing of any single quantization method. This im-
provement translates directly into significant per-
formance advantages on language modeling tasks,
yielding lower perplexity degradation compared to
baseline methods.

4.4 Downstream experiments

To comprehensively evaluate the capabilities of
quantized models in real-world tasks, we conduct
a systematic assessment across multiple representa-
tive downstream tasks, covering mathematical rea-
soning (GSM8K), code generation (HumanEval),
commonsense reasoning (HellaSwag), and multi-
task understanding (MMLU). Each task follows
widely accepted evaluation protocols: MMLU (5-
shot), GSM8K (8-shot), HellaSwag (10-shot), and
HumanEval (0-shot), with accuracy serving as the
primary evaluation proxy (higher is better). The
experiment compares various quantization meth-
ods, including CALM, to comprehensively reflect
the ability of each quantization method to maintain
model performance across diverse tasks.

Table 2 presents a quantitative performance
comparison of different models on multiple down-
stream tasks. Generally, all quantization meth-
ods result in accuracy degradation compared to
the FP16 baseline; however, the magnitude of this
decline varies significantly depending on the task
type, model scale, and quantization methods. No-
tably, our proposed method (CALM) maintains
optimal or near-optimal performance in most sce-
narios.

Distinct tasks exhibit varying sensitivities to
quantization errors.  Mathematical reasoning
(GSMS8K) and code generation (HumanEval) are

the most fragile, showing the steepest accuracy
drops across all models. For instance, on Llama-3-
8B, accuracy reduction on GSM8K ranges from
2.84 (CALM) to 5.28 (GPTQ), while on Hu-
manEval, the drop ranges from 1.04 (CALM)
to 2.26 (GPTQ). In contrast, commonsense rea-
soning (HellaSwag) and multi-task understanding
(MMLU) exhibit relatively minor degradation.

The efficacy of CALM extends to smaller, more
sensitive models. On Qwenl.5-0.5B, CALM
achieves a GSM8K score of 25.12, marking a sub-
stantial improvement of 3.25 and 4.90 over AWQ
and GPTQ, respectively.

These empirical results strongly validate the ef-
fectiveness of the layer-wise adaptive hybrid quan-
tization methods employed by CALM. The CALM
framework effectively identifies and accommodates
the heterogeneous quantization method require-
ments across different model layers, thereby achiev-
ing efficient, low-loss quantization while strictly
preserving the model’s core inferential capability.

4.5 Configuration Experiments

To rigorously evaluate the individual contributions
of each component and validate the design rationale
underlying the CALM framework, we conducted
extensive configuration studies.

4.5.1 Impact of PTQ Candidate Diversity

A central motivation of CALM is the premise that
a single quantization method cannot optimally ac-
commodate the distinct characteristics of every
layer. To validate this, we systematically excluded
individual quantization algorithms from the can-
didate pool and observed the resulting impact on
model performance. As shown in table 3,experi-
mental results demonstrate that retaining the full
spectrum of candidate quantization methods yields
superior performance across all evaluated models
and tasks. The exclusion of any single algorithm
invariably leads to a marked degradation in model



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 7739 6731 68.86 48.80 70.05 6144 3644 32.14 5994 4638
AWQ 7294 5892 76778  64.41 57.65 46.69 6897 58.69 2644 2232 56.78 40.23
GPTQ 71.89 5845 7691 60.54 5575 4623 6835 57.16 2424 2143 57.04 4058
SmoothQuant 72.55 5895 76.83 6455 5633 4597 69.34 58.73  25.87 22.64 56.89 4132
SpinQuant 7356 59.24 7723 6498 5793 46.12 69.83 5831 26.13 2275 57.68 42.64
CALM 7433 59.67 77.13 65.87 60.22 47.02 69.78 59.27 2744 2321 58.53 43.50

Method Qwenl.5-1.5B Qwenl.5-0.5B

GSM HE HS MMLU GSM HE HS MMLU

FP16 58.03 3511 6520 59.19 33.18 26.78 49.65 45.76

AWQ 4832 2631 64.12 5732 21.87 1876 48.12 43.26

GPTQ 47.12 2440 6373 5691 2022 19.04 4738  42.82

SmoothQuant 48.64 2597 6398 57.69 2234 19.84 47.69 43.67

SpinQuant 49.01 26.87 64.87 57.84 2345 20.64 4798 4344

CALM 51.36 29.34 6456 5811 2512 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=GSMS8K, HE=HumanEval,HS=HellaSwag).

fidelity.
Variant C4, W2, GSM{T HE{ HST MMLU?t
Llama-3-8B
CALM (Full) 1272 6.89 7433 59.67 7713  65.87
w/o SQ 1355 7.65 73.12 58.80 76.50  64.60
wio AWQ 1295 7.08 72.85 5845 7685 64.20
wlo GPTQ 1280 6.96 7398 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 1850 10.15 5850 46.10 68.80  58.10
wio AWQ 1780 9.85 57.10 4585 69.10  57.90
wioGPTQ ~ 17.55 970 59.65 46.80 69.60  59.05
Llama-3.2-1B
CALM (Full) 22.88 11.70 27.44 2321 58.53 43.50
wlo SQ 2390 1235 2655 2240 57.10 41.80
wlo AWQ 2320 1192 2621 22.10 57.90 41.50
wio GPTQ ~ 23.05 11.88 27.10 23.05 58.30  43.10
Qwenl.5-1.5B
CALM (Full) 16.59 12.87 51.36 29.34 64.56 58.11
w/o SQ 1745 1420 4950 27.50 6320  56.80
wio AWQ 1690 1345 4895 27.10 64.05  56.50
wlo GPTQ 1670 13.05 5090 29.05 6440  57.85
Qwenl.5-0.5B
CALM (Full) 24.87 14.87 2512 20.04 48.68 44.12
wlo SQ 26.10 1650 22.50 18.90 47.50  42.90
wio AWQ 2540 1550 23.10 1920 48.10  43.10
wioGPTQ 2505 15.10 2450 19.80 48.50  43.80
Table 3: Downstream task performance across
five LLMs. Higher accuracy(f) indicates bet-

ter performance.(GSM=GSM8K, HE=HumanEval,
HS=HellaSwag). *w/o’ stands for ’without’.

For instance, on the Llama-3-8B model, our
comprehensive strategy pool achieves a C4 PPL of
12.72. In contrast, removing SmoothQuant causes

the C4 PPL to deteriorate significantly to 13.55,
while excluding AWQ results in a drop in GSM8K
reasoning accuracy from 74.33% to 72.85%.

These findings strongly attest to the indispens-
able complementary strengths of different algo-
rithms in handling layer-specific feature distribu-
tions. Blindly excising any method diminishes
the model’s overall expressive capacity. It is only
by synergistically integrating these diverse algo-
rithms—allowing each to govern the specific layers
best suited to its intrinsic properties—that we can
transcend the performance ceilings of monolithic
approaches.

4.5.2 Method-Heterogeneity and
Bit-Heterogeneity

While traditional mixed-precision methods opti-
mize storage by assigning lower bit-widths (e.g.,
2-bit) to less sensitive layers, we contend that this
"Bit-Heterogeneity’ is suboptimal under low-bit
constraints due to the severe reduction in repre-
sentational capacity. To test this, we compared
Bit-Heterogeneity (HAWQ-V2 (Dong et al., 2020)
and SpQR (Dettmers et al., 2024)) against CALM
under an identical 4-bit average budget. Further-
more, we measured the real-world inference la-
tency (ms/token) on a single NVIDIA A800 GPU,
using a sequence length of 2048 to evaluate prac-
tical hardware efficiency. As shown in table 4, on
Llama-3-8B, the traditional mixed-precision base-
line (forcing some layers to 2-bit) resulted in a
Wiki2 PPL of 7.95.



Method Wiki2 | GSMS8K 1 Latency (ms/token) |

Llama-3-8B (W4AS8, Seq=2048)

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

Qwenl.5-1.5B (W4AS8, 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 but
varies the algorithm—applying SmoothQuant for
activation-heavy layers and AWQ for weight-
sensitive ones. CALM’s superior results prove that
the same algorithm cannot cope with the significant
variance in layer-wise feature distributions. Instead
of sacrificing bit-width, optimizing the algorith-
mic fit for each layer yields a far better trade-off
between efficiency and accuracy.

4.5.3 Performance at Lower Bit-widths

Method C4, W2, GSMT HEt HST MMLU?T
Llama-3-8B (3-bit)
FP16 12.28 641 77.00 6240 7850  66.50
SpinQuant 14.40 8.55 57.00 4620 72.10 5850
SmoothQuant 15.10 8.60 56.50 4580 71.80 57.20
AWQ 15.80 10.20 55.00 42.10 69.50  54.20
GPTQ 19.25 13.00 53.00 3550 6520  45.00
CALM 13.55 7.60 61.50 50.50 74.50  60.20
Llama-3.2-3B (3-bit)
FP16 17.24 953 77770 49.50 7020  63.40
SpinQuant 20.20 11.40 6250 3420 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 1845 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 a
non-linear collapse in accuracy when the bit width
is reduced to 3 bits, due to its inability to han-
dle outliers in the weight distribution. In contrast,
CALM achieves a smooth degradation in perfor-
mance through a collaborative optimization strat-
egy, demonstrating the algorithm’s adaptability to
extremely low-bit-width environments. As shown

in Table 5, experimental results demonstrate that
CALM maintains high performance even under the
extreme constraints of 3-bit quantization.

4.5.4 Fine-Grained Hyperparameter Tuning

Method C4| Wiki2| GSMS8K1 HumanEval T HellaSwag 1t MMLU 1

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 2245 28.52 24.15 58.90 43.95
Qwenl.5-1.5B
CALM 16.59  12.87 51.36 29.34 64.56 58.11
CALM+ 1648 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
algorithm-parameter ~ variants  (Pool™ =
{GPTQ, AWQ, SmoothQuant,e (¢ 30.4,0.5,0.6,0.7} })-
CALM+ precisely targets layer-specific sensi-
tivities. « governs the migration strength of
quantization difficulty via the smoothing scale s:

_ max (| X])*
max(|W|)l-«

This granular optimization delivers vital perfor-
mance gains (Llama-3.2-1B: +1.08% GSMS8K)
while further pushing the precision envelope of
larger models, as detailed in Table 6. By adap-
tively tuning « layer-by-layer, CALM+ effectively
mitigates this sensitivity, proving that parametric
heterogeneity is a critical dimension for pushing
the limits of low-bit quantization.

(@)

5 conclusion

We presented a CKA-guided modular quantization
framework that enables layer-wise selection of het-
erogeneous PTQ algorithms under fixed low-bit
constraints. Our study reveals that different trans-
former layers respond unevenly to distinct quanti-
zation methods, and leveraging this algorithmic di-
versity is crucial for maintaining functional fidelity.
By using CKA as a reliable proxy for layer-level
representation alignment, CALM constructs hetero-
geneously quantized LLMs without any retraining.
These findings highlight that method heterogeneity,
rather than bit-width heterogeneity alone, is a key
factor for advancing post-training quantization of
LLM:s.



6 limitations

Deviation between Local Optima and Global Per-
formance: The framework adopts a greedy layer-
wise selection strategy aimed at approximating the
global optimum through local optimization. While
computationally feasible, this approach may fail to
capture long-range inter-layer dependencies, poten-
tially settling at a sub-optimal configuration in cer-
tain complex models. Increased Offline Calibration
Cost: Compared to single-method quantization,
the search process of CALM involves evaluating
multiple candidate algorithms for each layer. Con-
sequently, the time required for offline calibration
scales linearly with the number of algorithms in the
candidate pool.
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A Appendix
A.1 code

https://anonymous.4open.science/r/
CALM-ACL

A2 CKA
A2.1

As introduced in Section 3, we utilize Linear CKA
as the proxy for functional fidelity. Here, we pro-
vide the complete mathematical formulation regard-
ing the centering process.

Formally, let X € R™*¢ denote the output ac-
tivation matrix of the full-precision baseline and
Y € R™*4 be the activation from a candidate quan-
tization method, where n is the batch size and d
is the feature dimension. To quantitatively assess
the structural alignment between feature represen-
tations invariant to orthogonal transformation and
isotropic scaling, we employ Linear Centered Ker-
nel Alignment (CKA).

We first introduce the centering matrix H =
I, — %11T, where I, is the identity matrix and

Mathematical Definition

1 is a column vector of ones. Let X = HX and
Y = HY represent the centered feature matrices.
The Linear CKA similarity score is defined as:

?TX 2
CKA(X,Y) = — T”N Hi _ (3)
XX P Y|
where || - || 7 denotes the Frobenius norm. In our

experiments, the feature dimension d corresponds

10

to the output dimension of the FFN. For the Llama
architecture, this is d = 4 X dmodel, Where dimodel 18
the hidden size of the transformer block.

Crucially, X and Y are computed using inputs
from previous optimized layers to capture local fi-
delity and compensate for accumulated errors. We
calculate CKA at the FFN output (pre-residual) to
isolate the quantization impact on the core trans-
formation, avoiding masking effects from skip con-
nections.

A.2.2 Theoretical Justification

To rigorously validate the causal relationship be-
tween feature space alignment and model degra-
dation, and to substantiate the efficacy of CKA as
an optimization objective, we devised a diagnos-
tic experiment based on linear reconstruction. We
introduce a restoration protocol utilizing a Linear
Transformation Matrix, M .Specifically, we iden-
tify the layer [ exhibiting the lowest CKA score
under a homogeneous quantization method.

Let Xpp € RBXD and Xg € RE*D denote the
activation outputs of the full-precision and quan-
tized models for this layer, respectively. We formu-
late the following least-squares optimization objec-
tive to derive the optimal restoration matrix IM:

min || X pp — XoM]|% )

By obtaining the closed-form solution to this linear
regression problem, we absorb the resulting matrix
M into the quantized weights of the layer (i.e.,
updating W¢, <~ W¢ - M), thereby achieving a
targeted restoration of the feature manifold.

The results, illustrated in Figure 5, are com-
pelling. Upon applying matrix M, the CKA score
of the target layer rebounds significantly, confirm-
ing that the feature space has been realigned to
a near-FP16 state. Crucially, this local feature
restoration translates into global performance gains:
model perplexity (PPL) is markedly reduced, and
accuracy on downstream tasks such as GSM8K
sees substantial recovery.

This experiment provides critical empirical sup-
port for our hypothesis: a low CKA score ac-
curately reflects structural disruption within the
feature space. Consequently, maximizing feature
alignment—whether by solving for matrix M or se-
lecting a superior quantization kernel—constitutes
a robust mechanism for recovering model perfor-
mance. These findings lay a solid theoretical foun-
dation for the ’CKA-Guided Modular Quantization
Framework’ proposed in this work.
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Figure 5: Diagnostic experiment demonstrating that feature space restoration (via matrix M) recovers model

performance

A.3 Quantization Configuration

To ensure fair comparison and reproducibility, we
adopt a unified quantization standard across all
methods and ablation studies. Specifically, all mod-
els are quantized to 4-bit weights with 8-bit acti-
vations (W4AS8) using a group size of 128. This
rigorous standardization ensures that observed per-
formance gains stem exclusively from algorithmic
efficacy rather than hyperparameter variations.

Furthermore, we follow widely adopted prac-
tices by preserving sensitivity-critical components
in full precision (FP16/BF16). These include all
forward activations, the KV Cache, and the Embed-
ding layers, as our preliminary analysis indicates
that quantizing these modules leads to significant
performance degradation. Within these constraints,
our framework focuses on dynamically assigning
the optimal quantization method to each intermedi-
ate Transformer layer.

A4 Impact of Quantization Granularity

Method C4| Wiki2] GSM8K1 HumanEvalf HellaSwag?T MMLU 1t

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 1278  6.94 74.10 59.45 77.05 65.60
CALM 1272  6.89 74.33 59.67 77.13 65.87
Qwenl.5-1.5B
Block-8 17.25  13.90 49.10 27.20 63.45 56.90
Block-4 1695  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 1659 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 granularity
on model fidelity, we compare our proposed layer-

11

wise strategy against coarse-grained block-wise
variants. We evaluate three baselines: Block-8,
Block-4, and Block-2, where quantization config-
urations are shared across 8, 4, and 2 consecutive
layers, respectively. Table 7 reveals that finer gran-
ularity consistently yields superior performance.
Transitioning from Block-8 to Block-2 results in
monotonic improvements across tasks. Crucially,
CALM surpasses even the finest Block-2 baseline,
validating the necessity of per-layer optimization.
This superiority stems from the precise handling
of sensitive layers characterized by outliers, pre-
venting them from being forced into suboptimal
methods inherent in shared block-wise configura-
tions.

A.5 Negligible Overhead

Method Fwd. (ms) | Gen. (T/s) T 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, W4AS8)

GPTQ 2.50 £ 0.10 398.5 - -

CALM  2.5240.12 396.1 +0.80% -0.60%
Llama-3.1-8B (A800, W4A8)

GPTQ  435+0.15 229.8 - -

CALM 438 +0.18 2283 +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
through real-world latency measurements on an
NVIDIA A800 GPU. As shown in Table 8, com-



pared to the standard uniform quantization method
(GPTQ), CALM introduces negligible computa-
tional overhead. Across various model scales, the
average latency increase is only ~0.60% for the
forward pass and ~0.07% for token generation.
This demonstrates that CALM provides significant
accuracy improvements without sacrificing infer-
ence speed, making it highly practical for latency-
sensitive applications.
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