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Abstract
The increasing scale and complexity of large language models (LLMs) present significant computational and memory
challenges, limiting their widespread deployment. Post-training quantization (PTQ) has emerged as a key technique
for mitigating these challenges without costly retraining. However, compressing models to ultra-low bitwidths (e.g.,
2-3 bits) while maintaining accuracy remains a major challenge. In this study, we present a comprehensive PTQ
framework that addresses this problem by compressing LLM weights through three core innovations: (1) a calibration
process guided by Kullback-Leibler divergence minimization to preserve the original weight distribution, (2) a
learnable codebook optimization mechanism employing noise substitution for vector quantization to enable robust
gradient estimation, and (3) a layer-grouping strategy based on statistical distribution similarity to improve parameter
efficiency. Experimental evaluations on large-scale models show that the proposed framework achieves competitive
performance compared with state-of-the-art quantization techniques. Importantly, these results are obtained without
any post-quantization fine-tuning, highlighting the efficiency and practical applicability of our approach for deploying
highly compressed LLMs.
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1. Introduction

The proliferation of large language models (LLMs)
has advanced numerous fields; however, their mas-
sive architectures—often comprising billions of pa-
rameters—pose substantial operational challenges.
Training and inference require extensive compu-
tational and memory resources, resulting in high
financial costs and considerable environmental im-
pact. Consequently, developing efficient compres-
sion methods that reduce these costs while main-
taining model performance has become a critical
research focus.

Among the proposed approaches, post-training
quantization (PTQ) reduces memory usage by
converting high-precision floating-point represen-
tations (e.g., FP32 or FP16) of model compo-
nents—such as weights, activations, and key-value
caches—into lower-precision integer formats (e.g.,
INT8 or INT4). PTQ is applied after the model
has been fully trained, eliminating the need for the
original training dataset or an expensive retraining
phase.

In this study, we propose a PTQ method de-
signed to compress LLMs to ultra-low bitwidths, that
is 2-3-bit representations. Our method is built upon
the principles of product quantization (Jégou et al.,
2011), an effective technique for high-dimensional
vector compression, and is adapted to optimize
the quantization of LLM weights. Our approach
incorporates three core methods aimed at improv-
ing compression efficiency while preserving model
accuracy.

First, to determine codeword vectors for the
codebooks, our method leverages a small calibra-
tion dataset. This process aims to minimize the
Kullback-Leibler divergence (KLD) between the dis-
tributions of the original and quantized weights.

Second, we introduce a learnable codebook op-
timization procedure in which quantization error is
simulated by injecting noise into the input tensors.
This approach is adapted from the noise substitu-
tion for vector quantization method (Vali and Back-
strom, 2022).

Third, rather than quantizing layers indepen-
dently, we implement a layer-grouping mechanism
based on statistical distribution similarity. Lay-
ers within the LLM architecture that exhibit simi-
lar weight distributions are grouped and quantized
collectively.

A key principle of the proposed method is to
eliminate the need for post-quantization fine-tuning.
While fine-tuning can partially recover performance,
it increases computational complexity, risks overfit-
ting, and may degrade the model’s generalization.
Accordingly, our approach emphasizes preserving
performance directly through an intrinsically effec-
tive quantization process.

2. Related Work

2.1. Post-training Quantization
Techniques

Early PTQ methods often employed uniform quan-
tization schemes (Krishnamoorthi, 2018; Nagel
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et al., 2021), using linear mapping based on a
scale factor and a zero-point. However, such ap-
proaches are limited in handling outliers—rare val-
ues with disproportionately large effects on LLM
performance—often resulting in severe accuracy
degradation.

To overcome this limitation, advanced PTQ tech-
niques have been developed. LLM.int8() (Dettmers
et al., 2022) introduced a mixed-precision decom-
position method to preserve outliers. GPTQ (Fran-
tar et al., 2022) leverages second-order approx-
imations to quantize weights to low bitwidths (3-
4 bits) with minimal error. SmoothQuant (Xiao
et al., 2023) enables simultaneous quantization
of weights and activations by smoothing activa-
tion distributions. QLoRA (Dettmers et al., 2023)
combines low-rank adaptation (LoRA) (Hu et al.,
2022) with a 4-bit quantized base model for effi-
cient fine-tuning on memory-constrained devices.
The Activation-aware Weight Quantization (AWQ)
method (Lin et al., 2023) applies activation-aware
per-channel scaling to protect salient weights from
large quantization errors. These developments il-
lustrate the ongoing efforts to optimize PTQ for
large-scale LLMs.

2.2. Research on Low-bitwidth
Quantization

Recent work has investigated ultra-low-bitwidth
quantization (e.g., 2-bit) to maximize compres-
sion efficiency. Notable contributions include QuIP
(Chee et al., 2023), which provided a theoretical
framework for 2-bit quantization using Incoherence
Processing and Adaptive Rounding. Building on
this approach, QuIP# (Tseng et al., 2024a) incor-
porated a Randomized Hadamard Transform for ef-
ficient weight mixing together with Vector Quantiza-
tion (VQ) using an E8 lattice. Concurrently, AQLM
(Egiazarian et al., 2024) achieved state-of-the-art
performance in the 2-3 bit regime through three key
components: Additive Quantization, Input-Adaptive
Quantization, and Joint Optimization, enabling effi-
cient deployment on both GPUs and CPUs. More
recently, QTIP (Tseng et al., 2024b) addressed the
exponential complexity of VQ in high dimensions
by introducing Trellis Coded Quantization (TCQ).
Using the Viterbi algorithm, QTIP supports quan-
tization in very high-dimensional spaces (> 100)
with computational complexity that scales linearly
with sequence length.

Despite these advances, leading methods such
as QuIP#, AQLM, and QTIP still rely on post-
quantization fine-tuning to recover accuracy. Al-
though effective at mitigating quantization errors,
this stage increases algorithmic complexity and
computational cost, while also introducing the risk
of overfitting to the fine-tuning dataset and poten-

tially degrading the base model’s generalization
capability. To address these limitations, this work
proposes a method that eliminates the need for
post-quantization fine-tuning, focusing instead on
a robust intrinsic quantization process capable of
preserving high accuracy without additional train-
ing.

2.3. Approximate Nearest-neighbor
Search and the Role of Product
Quantization

Similar to AQLM (Egiazarian et al., 2024) and in-
spired by approximate nearest-neighbor search,
our method leverages the principles of product
quantization (PQ) (Jégou et al., 2011) and its vari-
ants. PQ decomposes an input vector into sub-
vectors, quantizing each independently with a dedi-
cated codebook. By combining the indices of each
sub-vector, PQ represents a large vector space
with minimal storage, achieving high compression
ratios.

However, conventional PQ may be suboptimal
for unstructured vectors, such as LLM weights, and
often struggles to handle outliers. To address these
limitations, several extensions have been proposed.
Additive Vector Quantization (AVQ) (Babenko and
Lempitsky, 2014) represents a vector as a sum
of codevectors without constraints, while Resid-
ual Vector Quantization (RVQ) (Chen et al., 2010)
employs a hierarchical scheme where each stage
quantizes the residual from the previous stage, min-
imizing cumulative quantization error.

3. Proposed Method

In this section, we present a detailed account of our
proposed quantization method, which focuses on
extending and refining the Residual PQ technique
to address the challenges of compressing LLMs to
low bitwidths. Figure 1 provides an overview of the
proposed framework for LLM compression.

3.1. Quantization with an Extended
Residual Product Quantization
Architecture

An analysis of existing vector quantization meth-
ods indicates that techniques with minimal struc-
tural constraints, such as AVQ (Vali and Back-
strom, 2022), can achieve high quantization ac-
curacy but often incur substantial computational
costs. These costs arise both during codebook
training and, more critically, during encoding, due
to reliance on complex combinatorial search algo-
rithms, such as heuristic beam search, to identify
the optimal representation for each input vector.
Our research focuses on quantization methods with
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Figure 1: Overview of the proposed framework for LLM compression.

stronger structural constraints to achieve a supe-
rior quantization performance without substantially
increasing computational complexity. This choice
is motivated by the understanding that such con-
straints directly influence quantization performance
and affect the computational complexity and search
speed of the encoding process while being better
suited to handle the unstructured nature of weight
tensors in LLMs.

Based on this analysis, our research focuses on
developing a method that builds upon and extends
the hierarchical architecture of RVQ (Chen et al.,
2010). A key advantage of this approach lies in its
relatively low computational complexity stemming
from the hierarchical organization of its codebooks.
In RVQ, an input vector is quantized through mul-
tiple hierarchical stages. At each stage, the vec-
tor—or the residual from the previous stage—is
represented by the nearest codevector from the
current stage’s codebook. The residual, defined
as the difference between the input vector and the
selected codevector, is then passed to the next
stage for further quantization. This hierarchical pro-
cess allows progressive refinement of the vector’s
quantized representation.

Within our proposed RVQ framework, we formal-
ize this process for an input weight matrix W ∈
Rdout×din , through an iterative, multi-stage proce-
dure.

We apply the PQ principle (Jégou et al., 2011) by
partitioning the din-dimensional input feature space
into M disjoint, non-overlapping subspaces, each
with dimension D = din/M . This is equivalent to
partitioning each row vector of the weight matrix
W into M sub-vectors. The quantization process
is then performed sequentially across S stages,
following RVQ principles (Chen et al., 2010). The
complete set of codebooks is structured within a

four-dimensional tensor C ∈ RS×M×K×D, where
S is the total number of stages, M is the number
of sub-codebooks, K is the number of codewords
per sub-codebook, and D is the dimension of each
codeword. The hierarchical architecture of RVQ is
illustrated in Figure 2.

Figure 2: Hierarchical structure of Residual Vector
Quantization.

The quantization process begins with the orig-
inal weight matrix R0 = W . At each stage s ∈
{1, . . . , S}, the input residual matrix Rs−1 is quan-
tized to produce an approximation matrix R̃s−1 us-
ing the quantizer Qs(Rs−1, Cs), where Cs is the
codebook dedicated to stage s:

R̃s−1 = Qs(Rs−1;Cs)

= {arg min
c∈Cs

d(r, c) | r ∈ Rs−1}
(1)

The quantizer Qs first partitions each row vector
of the input matrix into M sub-vectors and maps
each sub-vector to its nearest codeword in the cor-
responding sub-codebook according to a specified
distance metric d(·, ·). The residual matrix for the
next stage Rs is then computed as:

Rs = Rs−1 −Qs(Rs−1, Cs) (2)

establishing a recursive refinement process across
stages.

After completing S stages, the final quantized
weight matrix, denoted as W̃ , is reconstructed by
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summing all the approximation matrices generated
at each stage:

W̃ =

S∑
s=1

Cs(Rs−1) (3)

The original weight matrix W is then replaced
by a compressed representation comprising the
codebooks and an index tensor. This index tensor
has dimensions (S, dout,M), where each element
is an index referencing a specific codevector in
the corresponding codebook. Each index requires
b = log2(K) bits of storage.

To address the nonuniform variance across input
channels (i.e., the columns of matrix W ), which
can impair quantization performance, we integrate
a per-channel scaling mechanism. Drawing on ap-
proaches from convolutional neural network com-
pression (Krishnamoorthi, 2018), we introduce a
learnable scaling matrix of size (S, din), enabling
a distinct scaling factor for each input channel
at every quantization stage. Before performing
the nearest-neighbor search in the codebook, the
columns of the residual matrix at each stage are
normalized by these scaling factors. The factors
are initialized based on the average magnitude (L2

norm) of the corresponding channel in the stage’s
input matrix and are jointly optimized with the code-
books during quantizer training. The initial scaling
factor for the jth column at stage s is computed as:

scale
(init)
s,j = ∥(Rs−1):,j∥2 =

√√√√ dout∑
i=1

(Rs−1)2i,j (4)

where (Rs−1)i,j denotes the element in the ith row
and jth column of Rs−1.

This approach ensures that channels with larger
amplitudes are appropriately handled from the be-
ginning of the optimization process.

3.2. Calibration Based on
Kullback-Leibler Divergence
Minimization

Our method builds on insights from prior work, such
as AWQ (Lin et al., 2023). AWQ demonstrated
that not all weights in an LLM contribute equally to
performance; protecting a small subset of salient
weights—often just 1% of the total—can substan-
tially reduce quantization error. We extend this prin-
ciple by proposing that, for complex quantization
tasks, preserving the overall distributional shape
of the weights is a more effective objective than fo-
cusing solely on individual values. By maintaining
distributional similarity between the original and
quantized weight sets, our approach minimizes
overall error and safeguards values sensitive to

precision loss, including outliers that are critical for
model performance.

Thus far, we propose a calibration procedure to
optimize quantization parameters, including learn-
able codebooks. This procedure uses a small cal-
ibration dataset and is guided by the objective of
minimizing the KLD. The objective is to find the set
of codebooks C that minimizes the KLD between
the probability distribution of the layer with original
weights, P (W ), and that of the layer with quantized
weights, Q(W̃ ):

argmin
c∈C

DKL

(
P (XW ; θ) ∥Q(XW̃ ; θ)

)
(5)

where X is the input data from the calibration set,
θ represents the all pretrained model parameters
(the backbone). Minimizing the KLD ensures that
the quantization model captures the core statistical
characteristics of the original weight distribution,
thereby mitigating information distortion.

It is critical to note that during this optimization
process, the parameters of the original model, θ, re-
main completely frozen. Although the optimization
leverages backpropagation through the quantiza-
tion mechanism (as will be detailed in Section 3.3),
the optimizers and gradients are configured such
that only the codebook C and other quantization
parameters are updated. No gradient updates are
applied to the model parameters θ. Therefore, our
method is fundamentally a controlled minimization
over an auxiliary parameter space, not a fine-tuning
process that updates the entire model.

The KLD-based calibration procedure uses a
small but representative dataset. Specifically, we
employ 128 text segments of 2048 tokens each,
randomly sampled from the RedPajama dataset
(Weber et al., 2024) (see Appendix C.2 for details).
A key aspect of our approach is the strict separation
of data sources: the calibration process is entirely
task-agnostic, ensuring that the model is never ex-
posed to samples from evaluation or downstream
task datasets. This preserves the integrity of the
evaluation, allowing the post-quantization model’s
performance to be validly assessed in a zero-shot
setting.

3.3. Learnable Codebook Optimization
using Noise Substitution for Vector
Quantization (NSVQ)

Conventional vector quantization maps each input
vector x to vector x̃ in codebook C such that x̃
is the nearest vector to x according to a specified
distance metric d(·, ·). This can be expressed math-
ematically as:

x̃ = argmin
c∈C

d(x, c) (6)
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where c is a codevector within codebook C. Ma-
chine learning algorithms, particularly those based
on backpropagation and gradient descent, have
demonstrated superior performance in solving com-
plex optimization problems across diverse domains.
Consequently, rather than relying solely on conven-
tional clustering methods, such as k-means, for
codebook construction, optimizing the codebook
through learnable techniques can achieve higher
quantization accuracy. A fundamental challenge
is that the vector quantization function, as defined
in (6), is discrete and non-differentiable at most
points due to the argmin operator, preventing the
direct application of gradient-based optimization
methods.

To overcome this challenge, gradient estimation
techniques can be applied to the quantization func-
tion, allowing gradients to propagate through the
quantization nodes during backpropagation and
update the codebook vectors. We posit that con-
structing and optimizing codebooks in a learnable
manner—where codevectors can be flexibly fine-
tuned—reduces the need for post-quantization full-
model fine-tuning. This approach enables direct
backpropagation onto individual codevectors, allow-
ing precise adjustments to minimize quantization
errors.

Several methods exist for estimating gradients
of the quantization function. In this study, we em-
ploy the advanced NSVQ method (Vali and Back-
strom, 2022), which replaces the quantization error,
eq = x̃−x, with the product of the original error and
an artificial noise vector ϵ sampled from a standard
normal distribution (zero mean, unit variance). This
creates a continuous and differentiable approxima-
tion of the quantization function. By accounting
for the statistical effects of quantization, NSVQ is
hypothesized to provide more accurate gradient
estimates for codebook vectors than the straight-
through estimator, resulting in improved quantiza-
tion performance and faster convergence during
codebook optimization.

According to NSVQ, for an input vector x and its
corresponding quantized vector x̃ from the code-
book, the quantization error is simulated as follows:

x̃NSV Q = x+ (x̃− x)⊙ ϵ (7)

where ϵ is a random noise vector sampled from a
multivariate normal distribution with a zero mean
and an identity covariance matrix and ⊙ denotes
the element-wise product. The function x̃NSVQ is
differentiable with respect to the components of
x̃ (and thus the codebook parameters), enabling
codebook optimization using gradient-based meth-
ods.

3.4. Layer-grouping Strategy Based on
Statistical Similarity

Analysis of LLM architectures shows that many lin-
ear layers, despite occupying different positions in
the network, often perform similar functional roles
and, notably, exhibit significant similarities in the
statistical distribution of their weights. Concurrently,
our analysis of RVQ in Section 3.1 indicates that
increasing the number of stages, S, reduces quanti-
zation error. This suggests that a multi-stage quan-
tization model has greater capacity to correct and
mitigate cumulative errors at each stage.

Furthermore, prior work, such as Entropy-Based
Weight Quantization (EWQ) (Behtash et al., 2025),
has demonstrated that the statistical properties of
weights constitute a meaningful and informative
signal for guiding quantization. Specifically, EWQ
utilized the entropy of the weight distribution as
an indicator of a transformer layer/block’s quanti-
zability, enabling a mixed-precision quantization
scheme by allocating more bits to higher-entropy
(more critical) blocks.

This motivated our research to extend the use
of weight distributions to optimize the quantization
process. Instead of relying on a single scalar like
entropy to rank layers, we propose a layer-grouping
strategy in which a single shared codebook is used
for a set of statistically similar linear layers. Sharing
codebooks reduces the total number of parame-
ters and allows data from multiple layers to train a
more robust codebook. To mitigate potential per-
formance loss from using a shared codebook in-
stead of dedicated ones, we increase the number of
stages, S, in the RVQ architecture. We hypothesize
that the enhanced intrinsic error-correction capa-
bility of multi-stage RVQ will compensate for—and
potentially surpass—the information loss caused
by layer grouping, achieving an optimal balance be-
tween compression efficiency and model accuracy.

To systematically implement this strategy, we
developed a three-step, LLM-based, data-driven
process for identifying layer groups. First, for each
linear layer with weight matrix W ∈ Rdout×din , we ex-
tract a probability distribution representation. The
weight matrix W is flattened into a one-dimensional
vector x ∈ Rdoutdin . The range of x is uniformly par-
titioned into B bins to construct a histogram, where
hk denotes the number of elements in the kth bin.
The histogram is then normalized to produce a dis-
crete probability distribution:

pk =
hk + α∑B

j=1(hj + α)
, k = 1, . . . , B (8)

where a small constant (α > 0) is added for numer-
ical stability.

The second step is to quantify the similarity
between these weight distributions. We use the
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Jensen-Shannon Divergence (JSD), a symmetric
and bounded measure of the difference between
two probability distributions. This choice has dis-
tinct advantages over entropy (which does not
capture pairwise shape differences) and Kullback-
Leibler Divergence (which is asymmetric and un-
bounded, making it unsuitable for direct use in clus-
tering algorithms). The JSD between distributions
P and Q is defined based on KLD as follows:

DJS(P∥Q) =
1

2
DKL(P∥M) +

1

2
DKL(Q∥M) (9)

where M = 1
2 (P + Q). Thereafter, we compute

the pairwise JSD for all linear layers to construct a
divergence matrix D ∈ Rn×n, where n is the total
number of linear layers and Dij = DJS(Pi, Pj).

The final step is to cluster the layers based on
the divergence matrix. A challenge is that standard
clustering algorithms, such as k-means, operate on
Euclidean distances in a vector space. To address
this, we first apply multidimensional scaling (MDS)
(Kruskal, 1964a,b; Borg and Groenen, 2005) to the
divergence matrix D. MDS is a dimensionality re-
duction technique that embeds the n layers into
a low-dimensional Euclidean space Rd such that
the Euclidean distances between the embedded
points approximate the original JSD. The MDS out-
put is a coordinate matrix X ∈ Rn×d, which serves
as input to the k-means algorithm. K-means then
partitions the n layers into k clusters, with each
cluster representing layers of similar statistical dis-
tributions that share the same set of codebooks
during quantization.

4. Experimental Results

4.1. Evaluation of LLM Compression
Quality

Following the experimental setup outlined in Ap-
pendix C.2, we conducted a series of experi-
ments to evaluate the effectiveness of the proposed
method. These experiments assess both core lan-
guage modeling performance and broader capabil-
ities in general understanding and reasoning. Our
approach, targeting an average bitwidth of approxi-
mately 2.5 bits, was benchmarked against leading
state-of-the-art weight-only PTQ methods, QuIP#
(Tseng et al., 2024a), QTIP (Tseng et al., 2024b)
and AQLM (Egiazarian et al., 2024). For a compre-
hensive comparison, we report the performance
of these methods under two conditions: with and
without post-quantization fine-tuning.

In our evaluation, we investigated two distinct
quantization configurations to analyze the sensitiv-
ity of different architectural components:

1. Comprehensive Quantization: A configura-
tion where all linear layers in the model, includ-
ing those in the multi-head self-attention and
multi-layer perceptron blocks, are quantized.

2. Selective Quantization: A configuration
where the quantization process is applied to
all linear layers, except for two layers identi-
fied as having critical functional roles and high
sensitivity to quantization error.

In the second configuration, two layers are main-
tained at their original FP16 precision: the attention
output projection layer and the multilayer percep-
tron (MLP) down-projection layer. The attention
output projection layer aggregates information from
multiple attention heads into a shared representa-
tion space, while the MLP down-projection layer
reduces the feature dimension after expansion by
the MLP, preserving the transformer block’s output
size. Beyond these two functionally critical layers,
an additional configuration is considered to further
mitigate performance degradation during quantiza-
tion.

The quantitative results are summarized in Ta-
bles 1 and 2. Analysis indicates that, when ap-
plying the selective quantization configuration (ex-
cluding the attention output projection and MLP
down-projection layers), our method achieves lower
perplexity values, demonstrating high competitive-
ness with the baseline techniques. This advantage
becomes particularly pronounced in the scenario
without post-quantization fine-tuning, which indi-
cates the effectiveness of our proposed intrinsic op-
timization mechanisms. However, when the com-
prehensive quantization configuration is applied,
our model exhibits a slight increase in perplexity
with state-of-the-art PTQ algorithms. Nevertheless,
even in this more demanding configuration, our
method maintains competitive performance, espe-
cially under the no-fine-tuning condition, confirming
the robustness of the proposed framework.

4.2. Effectiveness of Proposed Methods
To quantify the contribution of each component in
our framework, we conducted a detailed ablation
study. Experiments were performed on the Llama 2
7B model (Touvron et al., 2023) using the compre-
hensive quantization configuration (all linear layers)
while maintaining an average bitwidth of 2.5 bits.
Performance was measured via perplexity on the
WikiText-2 dataset (Merity et al., 2017). Table 3
summarizes results for different combinations of
the three key components: (1) KLD-based calibra-
tion, (2) NSVQ-based codebook optimization, and
(3) the layer-grouping strategy.

Results indicate that applying only a basic RVQ
method with a mean squared error (MSE) objec-
tive per layer leads to substantial performance
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Model Method Config Bitwidth WikiText-2↓ C4↓

Llama
2 7B

Baseline – 32 4.80 5.46
Baseline – 16 5.12 6.63
QuIP#⋆ C 2.0 6.18 8.75
QuIP# C 2.0 8.22 11.00
QTIP⋆ C 2.0 5.86 8.22
AQLM⋆ C 2.3 5.92 7.86
AQLM C 2.3 6.29 8.11

Proposed S 2.5 5.78 7.93
Proposed C 2.5 7.27 10.72

Table 1: Comprehensive performance comparison of Llama 2 7B on evaluation benchmarks (Perplexity).

Model Method Config Bitwidth Wino
Grande↑ PIQA↑ Hella

Swag↑ ARC-E↑ ARC-C↑ MMLU↑

Llama
2 7B

Baseline – 16 69.3 77.5 57.1 76.0 42.9 40.7
QuIP#⋆ C 2.0 65.8 75.6 52.2 71.9 38.0 30.9
QTIP⋆ C 2.0 67.3 76.2 53.7 73.4 39.8 36.6
AQLM⋆ C 2.3 65.3 76.9 53.4 74.0 39.5 35.6
Proposed S 2.5 67.3 77.3 54.7 74.5 41.1 35.5
Proposed C 2.5 66.4 74.8 49.3 70.6 35.3 30.7

Table 2: Comprehensive performance comparison of Llama 2 7B on evaluation benchmarks (Zero-shot
Accuracy).
Notes. ⋆ denotes result obtained after post-quantization fine-tuning. Arrows: ↓ = lower better; ↑ = higher
better. Abbreviations: C = Comprehensive Quantization; S = Selective Quantization.

degradation. Although MSE minimization reduces
magnitude-wise errors, it drives the codebooks to-
ward mean values, failing to capture critical sta-
tistical features, particularly high-impact outliers.
Moreover, due to the non-differentiable nature of
the quantization function, gradient-based optimiza-
tion is severely impeded without an effective deriva-
tive estimation mechanism, causing premature and
suboptimal convergence.

A detailed analysis of the individual components
shows that the layer-grouping strategy offers a mod-
est accuracy improvement, but its effect is limited
without a well-defined optimization objective for the
codebooks. Similarly, using calibration data with
the KLD objective enhances performance to some
extent; however, optimization remains constrained
by the non-differentiable nature of the quantiza-
tion function. In contrast, incorporating the NSVQ
gradient estimation technique—either alone or in
combination with the other components—yields
a substantial improvement in model quality. This
highlights the critical role of NSVQ in providing a
meaningful gradient signal that enables effective
codebook optimization.

Overall, the results in Table 3 indicate that opti-
mal performance is achieved only when all three
components are combined. The KLD minimiza-

tion objective with calibration data, together with
the NSVQ gradient estimator, effectively guides
codebook optimization and preserves the critical
statistical properties of the weights. Once this op-
timization is properly directed, the layer-grouping
strategy—leveraging the structural properties of
LLMs and the hierarchical design of residual quan-
tization—further enhances model accuracy. These
findings confirm the synergistic effect of the pro-
posed components, with each contributing a dis-
tinct yet complementary role in achieving maximal
quantization performance.

4.3. Inference Latency
While the primary goal of this study is to opti-
mize model accuracy at high compression ratios, a
thorough evaluation of any compression algorithm
must also consider inference latency. Recogniz-
ing that the multi-stage quantization architecture
can introduce computational overhead during de-
quantization, we developed a custom GPU CUDA
kernel to parallelize this process and accelerate
inference for the quantized model.

To assess the impact of this optimization, we con-
ducted a latency analysis by measuring the time
required for autoregressive token generation during
perplexity evaluation on the WikiText-2 dataset, fol-
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Methods KLD NSVQ LGS WikiText-2↓
Baseline – – – 52,406.05

LGS – – ⃝ 45,898.45
KLD ⃝ – – 35,673.72

KLD +
LGS ⃝ – ⃝ 19,047.07

NSVQ – ⃝ – 13,872.31
NSVQ +

LGS – ⃝ ⃝ 4,846.52

KLD +
NSVQ ⃝ ⃝ – 264.55

KLD +
NSVQ +

LGS
⃝ ⃝ ⃝ 7.27

Table 3: Ablation Study of Proposed Methods on
Llama 2 7B (2.5-bit).
Notes. ⃝ indicates the component is enabled; –
indicates it is disabled. Arrows: ↓ = lower better.
Abbreviations: KLD = Kullback-Leibler
divergence-based calibration; NSVQ = Noise
Substitution in Vector Quantization-based
codebook optimization; LGS = Layer-grouping
Strategy

lowing the experimental protocol described in Sec-
tion 4.1. Table 4 compares the baseline FP16 and
FP32 models with our quantized model, both with
and without the optimized CUDA kernel. The quan-
tized model was configured to an average bitwidth
of 2.5 bits and employed the comprehensive quan-
tization strategy.

The results highlight the exceptional efficiency
of the custom CUDA kernel, achieving an infer-
ence speed roughly 64 times faster than the non-
optimized implementation. Compared to the base-
line models, the optimized quantized model attains
a significant speedup of approximately 4.4× over
the FP32 model. However, a trade-off is observed
relative to the FP16 model, with the quantized
model exhibiting about 1.5× higher latency.

Method Bitwidth
Execution

Time
(min)

Baseline 16 0.93
Baseline 32 6.38
Proposed

(w/o kernels) 2.5 91.45

Proposed
(w/ kernels) 2.5 1.43

Table 4: Inference latency comparison on Llama 2
7B.

The inherent computational cost of the de-
quantization process can explain this discrepancy.
Although the CUDA kernel efficiently parallelizes
the codebook lookups and result aggregations,
these operations still introduce additional computa-
tional work that is irrelevant in direct matrix-vector
multiplications, which are highly optimized at the
hardware level for formats such as FP16. Never-
theless, this result confirms that with the targeted
hardware acceleration, the proposed quantization
method is not only computationally feasible but can
also achieve competitive inference speeds.

5. Limitations

Although the proposed method achieves compet-
itive compression performance at ultra-low bit-
widths, several limitations remain to be addressed
in future work.

The first and most notable limitation lies in our
quantization strategy. Specifically, to achieve supe-
rior quality compared to other state-of-the-art meth-
ods, our approach relies on a selective quantization
scheme. In this scheme, two critical architectural
components must be maintained at their original
precision: the attention output projection layers,
which are responsible for aggregating information
from multiple attention heads into a common repre-
sentation space, and the MLP down-projection lay-
ers, which reduce the dimensionality of the feature
space following non-linear transformations. This
dependency highlights the pronounced sensitivity
of these specific functional layers to quantization er-
ror. Consequently, developing more sophisticated
optimization techniques to enable full linear layer
quantization without degrading model performance
remains a significant technical challenge for future
research.

Second, the generalizability of the current
methodology is constrained by the experimental
scope. The results and evaluations presented in
this paper have been validated on a single archi-
tecture: the Llama 2 7-billion-parameter (Llama 2
7B) model. To establish the robustness and scala-
bility of the proposed method, future studies must
extend the experimental scope to larger variants
within the Llama family (e.g., 13B, 70B), as well as
to other advanced open-source LLM architectures
such as Gemma, Qwen, and Mistral. Diversifying
the evaluated models will facilitate a more compre-
hensive assessment of the proposed quantization
framework’s compatibility with the varying weight
distribution characteristics inherent to different ar-
chitectural paradigms.

Third, the current evaluation framework relies
predominantly on standard quantitative metrics to
assess accuracy and latency. While these met-
rics provide a solid baseline overview, they are in-
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sufficient to comprehensively capture the behavior
of the quantized model. To gain deeper insights,
future work should incorporate multi-dimensional
evaluation methodologies, including assessments
of generation quality, complex logical reasoning
capabilities, and human evaluation. Furthermore,
given that the ultimate objective of LLM compres-
sion is deployment on resource-constrained hard-
ware, the current lack of empirical performance
profiling on actual edge devices represents a gap
that must be addressed in subsequent research.

Finally, the experiments and evaluations in this
study were conducted exclusively on English cor-
pora and tasks. Given the vast lexical and se-
mantic diversity of natural languages, whether
the quantized model can maintain stable perfor-
mance across different linguistic spaces remains
an open question. Therefore, extending the evalua-
tion framework to encompass multilingual tasks will
be a necessary step to demonstrate the reliability
and global applicability of the proposed compres-
sion method.

6. Conclusion and Future Work

This study has successfully proposed and validated
a comprehensive framework for PTQ, specifically
designed to compress the weights of LLMs to ultra-
low precision levels ranging from 2 to 3 bits. This
framework integrates three core techniques. First,
guided by KLD minimization, a parameter calibra-
tion process is employed to preserve the statistical
distribution characteristics of the original weight ma-
trices. Second, a learnable codebook optimization
mechanism is implemented using NSVQ, providing
a robust solution for accurate gradient approxima-
tion and computation within a discrete space. Fi-
nally, to optimize the storage footprint and enhance
codebook quality, we introduce a layer grouping
strategy that leverages statistical similarity mea-
sures among weight distributions. Experimental
evaluations confirm the efficacy of the proposed
framework, demonstrating inference performance
competitive with current state-of-the-art techniques.
Notably, these results are achieved entirely without
post-quantization fine-tuning, effectively eliminat-
ing the massive computational overhead required
by many prior methods.

Despite these highly promising results, the cur-
rent methodology exhibits certain limitations regard-
ing the scope of quantization and the breadth of
the experimental evaluation (as detailed in Section
5). Addressing these limitations, future research
will focus on developing a more sophisticated and
comprehensive optimization framework. A primary
objective is to enable full quantization across all
linear layers of the LLMs without inducing signifi-
cant degradation in the original model’s accuracy.

Concurrently, establishing a multi-dimensional eval-
uation strategy—encompassing diverse LLM archi-
tectures, multilingual benchmarks, and on-device
testing on edge devices—will be essential to vali-
date the generalizability of the proposed method.

To address the challenge of full-model quan-
tization, a promising approach is the further de-
velopment of the current layer grouping strategy.
This advancement requires not only the investiga-
tion of more precise data clustering algorithms but
also the integration of an adaptive bit-width alloca-
tion scheme. By strategically assigning higher bit-
widths to functionally sensitive layer clusters while
applying more aggressive compression to groups
with higher error tolerance, this method promises
to establish an optimal global equilibrium. This op-
timized trade-off between the maximum compres-
sion ratio and accuracy preservation will unlock
immense potential for deploying massive LLMs on
severely resource-constrained hardware systems.
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A. Codebook Initialization Procedure

The efficacy of the learnable codebook optimization
process is highly dependent on the quality of its
initial parameters. A suboptimal starting point can
lead to slow convergence or convergence to a poor
local minimum. To establish a robust starting point
and minimize sensitivity to random initialization, we
employ a two-stage initialization procedure for the
codebooks before commencing the gradient-based
optimization process.

The first stage employs the k-means++ algorithm
(Arthur and Vassilvitskii, 2007) to strategically se-
lect an initial set of centroids. Unlike random selec-
tion, k-means++ is a probabilistic seeding strategy
designed to ensure that the initial centroids are well-
distributed throughout the data space. The process
begins by selecting the first centroid uniformly at
random from the data points. Subsequently, each
subsequent centroid is chosen sequentially from
the remaining data points, with a selection prob-
ability for each point proportional to its squared
distance to the nearest already-selected centroid.
Specifically, the probabilityP (xj) of selecting a data
point xj as the next centroid is given by:

P (xj) =
D(xj)

2∑
i D(xi)2

(10)

where D(xj)
2 is the squared Euclidean distance

from point xj to the nearest centroid among those
already chosen.

After obtaining the initial set of centroids from
k-means++, the second stage consists of perform-
ing a small number of iterations of the standard k-
means algorithm, also known as Lloyd’s algorithm
(Lloyd, 1982), to preliminarily refine the positions of
these centroids. Each iteration of Lloyd’s algorithm
comprises two steps:

1. Assignment Step: Each data vector xp in the
training set is assigned to the cluster S(t)

i cor-
responding to the nearest centroid m

(t)
i , based

on the squared Euclidean distance.

S
(t)
i =

{
xp : ∥xp −m

(t)
i ∥2

≤ ∥xp −m
(t)
j ∥2,

∀j = 1, . . . ,K
} (11)

2. Update Step: The position of each centroid is
updated by computing the mean vector (cen-
troid) of all data points assigned to its cluster
in the previous step.

m
(t+1)
i =

1

|S(t)
i |

∑
xj∈S

(t)
i

xj (12)

This comprehensive initialization procedure en-
sures that the codebooks begin the optimization
process from a high-quality initial state, rather than
from a random or zero-initialized configuration. By
providing a meaningful starting point, this method
accelerates the convergence of the subsequent
gradient-based optimization phase and increases
the likelihood of reaching a high-quality local mini-
mum, thereby improving the final performance of
the trained codebooks.

B. Estimating Average Bit-Width

A critical aspect of our quantization method is deter-
mining the average bits per parameter (bavg) post-
compression. This value accounts not only for the
bits used to store the quantization indices but also
for the storage overhead of auxiliary components,
namely the codebooks and scaling factors. Based
on the architecture described in 3.1, for an input
weight matrix W ∈ Rdout×din , the total storage cost
(Btotal) comprises three main components:

1. Codebook Storage Cost (Bcodebook): The
codebooks C have dimensions (S,M,K,D)
and are stored in half-precision (FP16), corre-
sponding to 16 bits per element.

Bcodebook = S ·M ·K ·D · 16 (13)

2. Index Storage Cost (Bindex): The quantized
weight matrix is represented by an index ten-
sor of dimensions (S, dout,M). Each index re-
quires log2(K) bits.

Bindex = S · dout ·M · log2(K) (14)

3. Scaling Factor Storage Cost (Bscale): The
per-channel scaling factors have dimensions
(S, din) and are also stored in half-precision
(FP16).

Bscale = S · din · 16 (15)

Therefore, the average bits per parameter of the
original weight matrix is calculated by dividing the to-
tal storage cost by the initial number of parameters
(Nparams = dout · din). The full formula is expressed
as:

bavg =
Btotal

Nparams
=

Bcodebook +Bindex +Bscale
dout · din

(16)

C. Experimental Setup

This section details the computational infrastructure
and experimental configuration underlying the pro-
posed LLMs quantization framework. We first spec-
ify the hardware environment used to perform all
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quantization and evaluation experiments. We then
describe the linguistic resources and benchmark
datasets employed for quantization, calibration and
evaluation.

In addition, we provide a comprehensive account
of the experimental configurations and hyperparam-
eter settings adopted throughout the study. This
includes a detailed specification of the layer group-
ing strategy and the codebook optimization proce-
dure. These methodological details are reported
to ensure reproducibility and to facilitate rigorous
evaluation of the proposed quantization framework
for LLMs.

C.1. Hardware
All experiments, including the quantization process
and subsequent evaluations, were performed on a
single hardware platform equipped with an NVIDIA
RTX A6000 GPU. Detailed specifications of the
platform are provided in Table 5.

Specification Details
Graphics processor GA102
Cores 10752
Texture mapping units (TMUs) 336
Render output units (ROPs) 112
Memory size 48 GB
Memory type GDDR6
Bus width 384 bits

Table 5: Specifications of NVIDIA RTX A6000.

C.2. Language Resources
To ensure fair and reproducible comparisons with
state-of-the-art methods, we use the Llama 2 7-
billion-parameter model (Llama 2 7B) (Touvron
et al., 2023) as our primary evaluation subject. The
Llama family, released by Meta AI, is a widely used
open-source LLM with publicly available weights,
facilitating research, fine-tuning, and deployment.

For calibration (as described in Section 3.2), we
use a subset of the RedPajama dataset (Weber
et al., 2024). The diversity of this corpus ensures
that the calibration process captures representative
statistical characteristics of natural language.

To evaluate the post-quantization performance
of the model, we employ a diverse set of datasets
and tasks. First, core language modeling capa-
bilities are assessed via perplexity on two stan-
dard datasets: WikiText-2 (Merity et al., 2017)
and C4 (Colossal Clean Crawled Corpus) (Raf-
fel et al., 2020). To evaluate general understand-
ing and reasoning, we conduct zero-shot accu-
racy assessments across a range of downstream

tasks, including common-sense reasoning (Wino-
Grande (Sakaguchi et al., 2021), PIQA (Bisk et al.,
2020), HellaSwag (Zellers et al., 2019)), scientific
reasoning (ARC-Easy and ARC-Challenge (Clark
et al., 2018)), and multi-domain knowledge (MMLU
(Hendrycks et al., 2021)). All evaluations are per-
formed using the standard Language Model Evalu-
ation Harness (Gao et al.) toolkit to ensure consis-
tency and comparability.

C.3. Layer Grouping Configuration
The layer grouping strategy is implemented through
a two-stage hierarchical process. Prior to applying
the data-driven clustering algorithm, we perform
an initial coarse partitioning, classifying all of the
model’s linear layers into four macro-groups. The
purpose of this preliminary classification is twofold:
first, to isolate layer groups with critical functional
roles and known high sensitivity to quantization er-
ror, such as the attention output projection and MLP
down-projection layers; and second, to ensure uni-
formity of tensor shapes within each macro-group,
thereby facilitating batch processing during quanti-
zation.

After partitioning the layers into these macro-
groups, we apply the clustering procedure based
on Jensen-Shannon Divergence and Multidimen-
sional Scaling as described in Section 3.4. The
k-means algorithm is applied independently within
each macro-group, with a predefined number of
sub-clusters for each group. For the Llama 2 7B
model, the specific grouping configuration is pre-
sented in Table 6. This process results in a total of
88 fine-grained layer groups distributed across the
four main macro-groups.

C.4. Codebook Optimization
Hyperparameters

To achieve the target average bit-width of 2.5 bits
for the Llama 2 7B model, we configured the RPQ
architecture and the codebook optimization pro-
cedure with specific hyperparameters. The RPQ
architecture was configured with S = 5 stages,
codebooks containing K = 16 codewords per sub-
codebook, and a codeword dimension of D = 8.

The optimization of the codebooks and learnable
scaling factors was performed using the Adam opti-
mizer (Kingma and Ba, 2015). The Adam hyperpa-
rameters were set to a learning rate of 1×10−5, with
momentum coefficients β1 = 0.90 and β2 = 0.95.
The training was conducted for a maximum of 1000
epochs. To ensure effective convergence, an early
stopping mechanism was implemented. This mech-
anism terminates the optimization if the quantiza-
tion loss does not improve within a patience window
of 50 epochs.
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Layer
Group Clusters Histogram

Bins

MDS
Dimen-
sions

Attention
Q/K/V
projec-
tions

64 256 4096

Attention
output
projec-

tion

4 256 4096

MLP gate
and up
projec-
tions

16 256 4096

MLP
down pro-

jection
4 256 4096

Table 6: Hyperparameter configuration for layer
grouping in Llama 2 7B.

D. Quantization Time

An important aspect of our methodology to consider
is the computational cost associated with the quan-
tization process. The optimization of the learnable
codebooks is a computationally intensive task, pri-
marily due to its iterative nature and the necessity of
maintaining high numerical precision. Specifically,
the use of high-precision (float64) operations is re-
quired to ensure numerical stability and accurate
gradient updates throughout the optimization. It is
crucial to emphasize, however, that this is a one-
time, offline cost incurred only during the quantized
model preparation stage. Once the quantization is
complete, this cost has no impact on the inference
latency of the deployed model.

It should be noted that this quantization time is
not a fixed constant but represents a tunable trade-
off between computational cost and final compres-
sion quality. By adjusting the quantization archi-
tecture’s hyperparameters, such as reducing the
number of stages (S) or increasing the subspace
dimension (D), the time required for optimization
can be significantly reduced. However, such adjust-
ments typically come at the cost of a degradation in
the quantized model’s accuracy, as they diminish
the representational capacity of the quantizer.

To provide a concrete quantitative measure of
this cost, the quantization of the entire Llama 2 7B
model in this study, using the configuration detailed
in Appendix 3.4 and C.4, required approximately
35 hours of computation on a single A6000 GPU
(as described in Appendix C.1).
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