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Abstract

Large language models are primarily con-
strained by computing and bandwidth limita-
tions during hardware deployment. However,
current vector quantization methods incur sub-
stantial inference overhead, mainly because
large-scale codebook storage and frequent in-
dex lookups consume excessive memory and
compute resources. To address these chal-
lenges, we present Sparse-Compensated Vector
Quantization (SCVQ), a salience and sparse-
compensated vector quantization framework.
By integrating a salience-aware weighted K-
means clustering scheme with symmetry con-
straints, SCVQ significantly reduces codebook
size and indexing costs. Crucially, we design
a structured sparse representation that unifies
outliers, salient weights, and quantization resid-
uals into a single sparse matrix to to maintain
model performance with minimal overhead,
thereby addressing the challenges of aggressive
compression. Extensive experiments across
multiple benchmarks validate the strong low-bit
quantization performance of SCVQ over cur-
rent methods. Specifically, SCVQ achieves a
perplexity of 5.87 on the WikiText-2 dataset at
2-bit quantization for LLaMA-2-7B, while de-
livering a 1.4× end-to-end inference speedup
on an NVIDIA A100 GPU compared to the
baseline.

1 Introduction

Large Language Models (LLMs) have demon-
strated transformative potential across diverse
NLP applications, ranging from intelligent con-
versational agents to complex reasoning tasks
(Brown et al., 2020; Touvron et al., 2023; Kaplan
et al., 2020; Chen et al., 2021). However, their
massive scale—often exceeding tens of billions
of parameters—imposes prohibitive memory and
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computational demands, particularly on resource-
constrained hardware. This bottleneck not only hin-
ders the democratization of these models but also
undermines the performance of latency-sensitive
applications. Consequently, post-training quanti-
zation (PTQ) (Lin et al., 2024; Nagel et al., 2021;
Dettmers et al., 2022; Chee et al., 2023; Dettmers
et al., 2023; Kim et al., 2024) has emerged as a
pivotal technique to reconcile the immense capabil-
ities of LLMs with the practicalities of real-world
deployment.

Conventional PTQ typically employs scalar
quantization, treating weight elements indepen-
dently. Neglecting structural correlations within
weight distributions, these approaches suffer from
significant performance degradation with extreme
quantization settings. To address this, recent stud-
ies (Egiazarian et al., 2024; Tseng et al., 2024; Liu
et al., 2024a; van Baalen et al., 2025) have explored
vector quantization (VQ), which enables superior
reconstruction quality by quantizing weight blocks
as multi-dimensional vectors.

Our analysis identifies two primary limitations
in existing VQ methods. First, standard VQ assigns
uniform importance to all weights, neglecting that
LLM performance is predominantly driven by a
small fraction of salient weights (Lin et al., 2024).
Second, explicit-codebook-based approaches rely
on Look-Up Table (LUT) operations during de-
coding, where large-scale codebooks and frequent
indexing incur substantial memory bandwidth over-
head, thereby bottlenecking end-to-end inference
throughput. Consequently, these approaches strug-
gle to achieve an optimal trade-off between code-
book storage costs and reconstruction accuracy. Al-
ternatively, methods relying on implicit codebooks
(Tseng et al., 2024) often necessitate computa-
tionally intensive transformations (e.g., Hadamard
transforms), which complicate the deployment
pipeline and introduce non-trivial runtime over-
head.
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To achieve high-quality and hardware-efficient
quantization, we propose Sparse-Compensated Vec-
tor Quantization (SCVQ). To ensure our method
is seamlessly integrable without introducing ad-
ditional decoding complexity, we build upon the
standard K-means-based vector quantization frame-
work. To address the aforementioned limitations,
we develop a salience-aware weighted K-means
clustering scheme with symmetry constraints. Our
key inovation is predicated on the insight that
explicitly isolating and compensating for critical
weight components enables a more compact and
accurate representation. We introduce a unified
representation that consolidates outliers, salient
weights, and quantization residuals into a single
sparse compensate matrix. Our work is the first to
integrate VQ with sparse compensation, offer-
ing two critical advantages. First, we empirically
observe that outliers and salient weights tend to be
contiguously aligned along the rows of the weight
matrix, which perfectly aligns with the block-wise
grouping scheme of VQ. Second, leveraging this
contiguous distribution, we design a specialized
sparse storage format VSR, along with optimized
CUDA kernels. This design ensures that the infer-
ence latency introduced by sparse compensation
remains negligible.

2 Background and Related Works

2.1 LLM Quantization

Quantization(Nagel et al., 2021; Gholami et al.,
2022) is the process of converting values from high-
precision to low-precision counterparts. For LLMs,
in the transformer architecture, the weight matrix
of a linear layer is W ∈ Rm×n, the simple Round-
to-Nearest (RTN) linear quantization with bit width
b can be formulated as:

Ŵ = clamp

(⌊
W

s

⌉
+ z, 0, 2b − 1

)
(1)

Where scale factor is formulated as s =
max(W )−min(W )

2b−1
, and zero point is formulated as

z = −⌊min(W )
s ⌉. We focus on weight-only post-

training quantization(Lin et al., 2024; Frantar et al.,
2022; Kim et al., 2024; Chee et al., 2023; Dettmers
et al., 2023; Nagel et al., 2020) of LLMs in this
work, which means quantizing weights of pre-
trained models while keeping the activations in
full precision.

2.2 Vector Quantization

Vector quantization (Gray, 1984) operates by par-
titioning model weights into d-dimensional sub-
vectors, which are then mapped to the nearest cen-
troids stored in a shared codebook B. By replacing
high-precision weights with low-bitwidth indices,
VQ significantly reduces storage requirements. Un-
like conventional PTQ methods that treats weights
Wij as independent scalars, VQ captures intra-
vector correlations, theoretically yielding a higher
signal-to-noise ratio at equivalent bitrates. How-
ever, VQ faces the "curse of dimensionality": code-
book size 2kd scales exponentially with bitwidth k
and dimension d, making LUTs computationally
prohibitive and hardware-inefficient.

Recent research has introduced several VQ
frameworks tailored for LLM quantization scenar-
ios. In contrast to AQLM and VPTQ(Egiazarian
et al., 2024; Liu et al., 2024a), our method obvi-
ates the need for additional codebooks by lever-
aging sparse matrices to store key components,
such as quantization residuals. This design not
only mitigates the inference latency inherent in
multi-codebook schemes but also more effectively
prevents performance degradation. Compared to
QuIP#(Tseng et al., 2024), although our approach
incurs some memory overhead due to the use of
explicit codebooks, it eliminates the reliance on
Hadamard transforms for outlier suppression dur-
ing inference, thereby offering superior hardware
compatibility.

2.3 Sparse Compensation

LLMs exhibit "outlier" characteristics in both acti-
vations and weights—systematic, high-magnitude
values that, despite their sparsity, are critical for
numerical stability and performance. Originally ob-
served in activations (Dettmers et al., 2022),SpQR
and SqueezeLLM (Dettmers et al., 2023; Kim
et al., 2024) preserves sensitive weights < 1% in
high-precision sparse formats to prevent perplexity
degradation at 3–4 bits. In contrast, our method uni-
fies more diverse compensation terms—including
outliers, salient weights and residuals—into a sin-
gle structured sparse matrix, while fully leveraging
the properties arising from its integration with VQ.

3 Methodology

A comprehensive overview of the SCVQ pipeline
is presented in Figure 2. To complement this, Al-
gorithm 1 outlines the core algorithmic steps, with
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Figure 1: (Left) By applying our methods to LLaMA models of varying sizes, we can achieve improved Pareto-
frontier between perplexity and model size than AQLM (Egiazarian et al., 2024) baseline. (Right) Perplexity of
the LLaMA-2-7B model across different optimization stages under SCVQ at 2 bits per weight. During codebook
compression, we shrink the codebook to 1/4 of its original size, incurring only a minor perplexity increase of 0.13.
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Figure 2: Overview of the SCVQ quantization pipeline. To recover model performance, we treat the normalization
scaling vectors and sparse compensation matrices as trainable components during the fine-tuning phase. In the
diagram, each square block denotes an individual weight sub-vector when d = 8. Furthermore, red annotations
enclosed in dashed boundaries refer to the respective sections for each step.

the fine-tuning phase described separately in Sec-
tion 3.4.

3.1 Normalization and Salience Estimation

Bi-Normalization To align the weight distribu-
tion with the geometric assumptions of K-means
clustering, we apply bi-normalization to W ∈
Rm×n. By independently rescaling rows and
columns, this procedure encourages near-isotropic
statistics, approximating the isotropic Gaussian
distribution that minimizes quantization distor-
tion (Guo et al., 2021; Bishop, 2006). Formally,
the normalized entry W̄ij is given by:

W̄ij =
Wij

ri · cj
, (2)

ri =

√√√√
n∑

j=1

W 2
ij cj =

√√√√
m∑

i=1

(
Wij

ri

)2

(3)

By equalizing the scale across both dimen-
sions, bi-normalization mitigates the bias that out-
liers—typically concentrated along specific rows
or columns—would otherwise introduce into sub-
sequent quantization steps (Dettmers et al., 2023,
2022), thereby enhancing quantization robustness.
A detailed theoretical analysis of how this normal-
ization aligns with spherical clustering assumptions
is provided in Appendix A.

Salience Factor A minute fraction of
weights—typically less than 1%—dispropor-
tionately impacts model performance (Lin et al.,
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Algorithm 1: SCVQ Quantization Pipeline
Input : LLM Π, weights W ∈ Rm×n,

calibration datasets D1, D2;
sub-vector dim d, iterations niter,
centroid count k, symmetry dims d̄,
sparse ratios: {routlier, rsalient, rresidual}.

Output : quantized codebook B̂ with scales s,
quantized matrix I, sparse matrix C,
symmetry axe set D,
scaling vectors r and c.

1 Slocal ← LocalSalienceFactor(D1,Π,W );
2 Sglobal ← GlobalSalienceFactor(D2,Π,W );
3 S ← Slocal ⊙ Sglobal;
4 (r, c, W̄ )← Bi-normalization(W );
5 Sub-vectors{W v

i,b} ←
Group W̄ into matrix of weight sub-vectors W v ∈
Rm×(n/d);

6 Sv
i,b ←

∑d
k=1 Si,bd+k−1 ;

7 Woutlier ← {W v
i,b | ∥W v

i,b∥2 ∈ Top-routlier of W v};
8 Wsalient ← {W v

i,b | Sv
i,b ∈ Top-rsalient of Sv};

9 D ← KSTest(d̄,W v
i,b);

10 (bitmask,Vsym)←
SymmetryTransform({vi}, D);

11 k′ ← k · 2d̄ − 1 ;
12 (B, idx)←WeightedKMeans(Vsym, Sv, k

′, niter);
13 I ← BitPack(idx, bitmask);
14 (B̂, s)← QuantizeCodebook(B);
15 Q← Decode(I,D, B̂, s) ;
16 R← {(W v

i,b −Qi,b) |Mi,b ∈ Top-rresidual of M};
17 C ←Woutlier +Wsalient +R

18 return B̂, s, I, C,D, r, c

2024; Frantar et al., 2022; Kim et al., 2024).
Accurately identifying these critical parameters
requires a dual perspective: capturing local
weight-activation dynamics while integrating
global, end-to-end model information. Guided by
this principle, we introduce a composite salience
factor Sij to quantify the quantization sensitivity
of the corresponding weight Wij :

• Local Salience (Slocal): The input to a lin-
ear layer for LLM is an activation tensor
X ∈ R(N×L)×m, where N , L, and m denote
the batch size, sequence length, and input fea-
ture dimension, respectively. To quantify the
activation magnitude interacting with weight
Wij , we compute the L2 norm of the j-th fea-
ture column averaged across all N×L tokens:

Slocal
ij =

1

|D1|
∑

D1

∥X:,j∥22 (4)

Note that we get samples from calibration
dataset D1 and ∥X:,j∥22 =

∑N×L
k=1 X2

k,j

• Global Salience (Sglobal): Captures the mean
absolute gradient over a dataset D2, which is
typically smaller than D1 and task-specific:

S
global
ij =

1

|D2|
∑

D2

|gij |,

with gij =
∂L

∂Wij

(5)

The final element-wise salience is defined as the
product Sij = Slocal

ij · Sglobal
ij . Empirically, these

salient weights often exhibit strong spatial locality,
clustering consecutively along specific rows of the
weight matrix. Consequently, we group them into
contiguous "salient vectors", which naturally aligns
with the block-wise partitioning required for vector
quantization. Specifically, each row is partitioned
into non-overlapping blocks of dimension d. To
guide quantization, we compute the vector-wise
salience Sv

i,b for the b-th block in row i by sum-
ming the element-wise salience factors within its
d entries (see Line 6). This metric subsequently
drives weighted K-means clustering and the adap-
tive selection of salient blocks.

3.2 Sparse Compensation Matrix

To compensate for quantization errors, we intro-
duce a sparse matrix consisting of three compo-
nents:

1. Outliers (Woutlier): Based on the L2 norm
of each weight sub-vector, we designate those
deviating significantly from the spherical dis-
tribution as outliers and preserve them.

2. Salient Vectors (Wsalient): Weight sub-
vectors with the highest salience factor Sv

are maintained to protect critical model infor-
mation.

3. Residual Compensation (R): We implement
a salience-weighted ranking strategy on the
quantization residuals W v −Q. For the each
sub-vector, we select the top fraction of d-
dimensional residuals according to the metric
Mi,b:

Mi,b = (Sv
i,b)

α
d · ∥W v

i,b −Qi,b∥22 (6)

where Sv
i,b is the aggregate salience ,and Q ∈

Rm×(n/d) denotes the matrix of quantized sub-
vectors reconstructed via K-means decoding.
The hyperparameter α acts as a coefficient that
balances the contribution of salience against
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the raw quantization residual magnitude. In
our framework, we set α = 0.25. A detailed
ablation study on α is provided in Appendix
H.

Table 1: Sparsity analysis of weight metrics. We observe
that both the L2 norm and our salience factors exhibit
significant sparsity in sparse vector selection. The en-
tries represent the percentage of the total value range
covered by a given percentile. For instance, the 99.99%
percentile of S covers only 28.5% of its maximum-to-
minimum range, indicating a highly heavy-tailed distri-
bution. These results are averaged across the q_proj
weight matrices of all 32 layers in the LLaMA-2-7B
model.

Metric 90% 99% 99.9% 99.99%

L2 Norm 23.4% 34.7% 45.5% 56.8%
Sglobal 17.5% 21.2% 27.5% 31.5%
Slocal 21.4% 27.8% 34.5% 45.8%
S 13.6% 15.7% 21.5% 28.5%

As illustrated in Table 1, the metrics defining
Woutlier and Wsalient exhibit pronounced sparsity,
suggesting that preserving only approximately 1%
of the sub-vectors in the compensation matrix is
sufficient for effective performance restoration. No-
tably, while specific sparsity levels may be selected
individually for each component matrix, the ag-
gregate sparsity ratio rc is significantly lower than
their arithmetic sum. This efficiency stems from the
substantial overlap among vectors selected across
three different criteria, ensuring a highly compact
representation.

Additionally, we examine the distribution pat-
terns of W̄ and S, as illustrated in Figure 3. We
observe elements with large magnitudes tend to
concentrate within the same row, where they fre-
quently form contiguous, block-like clusters. This
distributional characteristic provides a strong ra-
tionale for Woutlier and Wsalient as vector-wise
sparse matrices, effectively preserving the critical
weights that are essential for maintaining model
performance.

3.3 Enhanced K-Means
Salience-Weighted K-Means Our vector quanti-
zation framework adopts a salience-weighted K-
means approach, where the salience factor Sv

serves as the weighting factor for each weight
sub-vector. To optimize centroid initialization and
avoid suboptimal local minima, we implement an
salience-weighted variant of the K-means++ al-

Figure 3: Visualization of the absolute values of W̄ (top)
and S(bottom) for LLaMA-2-7B (k_proj, Layer 21).

gorithm (Arthur and Vassilvitskii, 2007). This
ensures that weights with higher salience have
a more significant influence on both the initial
placement of centroids and their subsequent refine-
ment. In practice, the clustering is performed on
W v −Woutlier −Wsalient. Since some weight sub-
vectors are already extracted and stored in Woutlier
and Wsalient, their corresponding positions become
zero vectors. To ensure these vectors are perfectly
reconstructed, we explicitly constrain the codebook
to include a zero vector as a fixed centroid in Line
11. Detailed steps are provided in E.

Symmetry-Constrained K-Means As observed
in Section 3.1, weight sub-vectors exhibit pro-
nounced axial symmetry following normaliza-
tion. Leveraging this property, we propose a
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symmetry-constrained K-means algorithm to alle-
viate the memory overhead associated with large
codebooks. Given a set of n weight sub-vectors
{v1, . . . ,vn} ⊂ Rd, we first identify a subset of di-
mensions D ⊂ {1, . . . , d} with cardinality |D| =
d̄ that demonstrate the dimension with strongest
symmetry. Specifically, for the i-th dimension, we
compare the distribution of the original values with
the distribution of their negated counterparts using
the Kolmogorov-Smirnov(KS) test where a lower
KS statistic indicates more pronounced symme-
try. Further details are provided in Appendix D.
For each sub-vector vi, we transform the values
in dimensions D into their absolute values, yield-
ing the transformed vectors {ṽ1, . . . , ṽn} ⊂ Rd,
while concurrently preserving the original signs as
a bitmask bitmaski ∈ {+1,−1}d̄. By perform-
ing K-means clustering on these absolute-valued
vectors {ṽi}, the required number of centroids is
reduced from k to k/2d̄ without compromising the
effective representation capacity. To implement
this efficiently, each entry in the resulting com-
pressed matrix I ∈ Rm×(n/d) is partitioned: the
first d̄ bits are allocated to store the sign bitmaski,
and the subsequent log2(k/2

d̄) bits are used for the
reduced codebook index idxi. Conceptually, our
method can be viewed as imposing an explicit axial
symmetry constraint on the codebook.

Codebook Quantization To further compress
the memory footprint of codebook, we apply INT8
quantization to the codebook entries. Specifically,
for a learned codebook B ∈ Rk×d, we employ
a symmetric per-row quantization scheme. Each
centroid vector Bi,: (the i-th row of the codebook)
is assigned an individual scale factor si ∈ R, al-
lowing for a more fine-grained representation of
the distribution of each centroid. The quantiza-
tion process is defined as B̂i,: = round(Bi,:

si
) where

si =
max(|Bi,:|)

27−1
. B̂ ∈ Zk×d denotes the INT8 quan-

tized codebook. During inference, the centroids are
dequantized on-the-fly to their floating-point equiv-
alents before being used for matrix multiplication.
As demonstrated in Appendix G , quantizing the
codebook B to 8 bits introduces negligible preci-
sion loss while further reducing the overall model
size.

3.4 Fine-tuning

Inter-layer dependencies are crucial for restoring
the performance of quantized models (Du et al.,
2024; Liu et al., 2024b; Shao et al., 2023), partic-

ularly under extreme quantization configurations.
To capture these interactions, we introduce an end-
to-end fine-tuning stage following the enhanced
K-means clustering step. To maintain high param-
eter efficiency during fine-tuning, we select two
learnable components: the scaling vectors and the
non-zero elements of the sparse compensation ma-
trix. We perform fine-tuning via knowledge dis-
tillation, treating the full-precision model as the
teacher and employing the Confidence-Aware KL
divergence from BitDistiller (Du et al., 2024) as the
objective function. In our 2.04 BPW configuration,
these trainable parameters collectively account for
only approximately 2–3% of the total model pa-
rameters while reducing perplexity on WikiText-2
and C4 by 0.7 and 0.63, respectively, achieving a
superior balance between performance restoration
and parameter efficiency. More details are provided
in Appendix L.

3.5 Implementation and Hardware
Optimization

To achieve efficient inference, we implement spe-
cialized LUT kernels for 2.04 and 3.20 BPW con-
figurations. These kernels perform vector-wise
dequantization by extracting sign bitmasks and
codebook indices through bitwise shifts. For di-
mensions flagged by the symmetry constraint, the
kernel conditionally restores the sign of retrieved
entries based on the bitmasks. Following dequanti-
zation, all subsequent GEMV operations are exe-
cuted in FP16 precision.

The sparse compensation matrix C exhibits a
structured sparsity pattern in which d non-zero ele-
ments are arranged consecutively along each row.
We propose the Vector Sparse Row (VSR) for-
mat, illustrated in Figure 4, to exploit this struc-
ture. Compared to the standard CSR (Pinar and
Heath, 1999) format, which requires a column in-
dex for every individual non-zero element, VSR
stores only a single index per sub-vector. This
format reduces the metadata overhead for sparse
matrix storage, thereby decreasing inference la-
tency in memory-bound scenarios. Furthermore,
VSR circumvents the limitations of NVIDIA cuS-
PARSE BSR (NVIDIA Corporation, 2024) kernels,
which are primarily optimized for square blocks
rather than the vector-wise sparsity patterns preva-
lent in quantized LLMs. We developed a custom
CUDA kernel for VSR-based Sparse Matrix-Vector
Multiplication (SpMV). Crucially, the contiguous
arrangement of non-zero elements in VSR is ex-
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Figure 4: The example shows a 4× 8 matrix represented in VSR format when d = 2.

plicitly leveraged to enable fully coalesced memory
access within our custom kernel. This alignment al-
lows the GPU memory subsystem to coalesce these
requests into a minimal number of wide memory
transactions, drastically reducing DRAM access
overhead and L2 cache thrashing. To mitigate load
imbalance caused by the uneven distribution of
non-zero sub-vectors across rows, we assign an
equal number of sub-vectors to each thread, follow-
ing the workload partitioning strategy adopted in
SqueezeLLM (Kim et al., 2024). To support the
fine-tuning stage, we implemented a custom Py-
torch autograd operator for the VSR format. Dur-
ing the backward pass, the kernel updates gradients
exclusively for pre-selected non-zero sub-vectors,
thereby maintaining a static sparsity pattern to en-
sure hardware compatibility.

4 Experiments

In this section, we evaluate the performance of our
proposed method on modern LLMs. To facilitate a
comprehensive comparison with established base-
lines, we focus primarily on the LLaMA-2 (Tou-
vron et al., 2023) model family. Results for other
LLMs are provided in Appendix J.

Table 2: Decoding throughput (tokens/s) comparison
with a batch size of 1 on a single NVIDIA A100 GPU.
BPW values are reported for the 7B model.

METHOD BPW L2-7B L2-13B L2-70B

FP16 16.00 103.7 55.2 OOM
SqueezeLLM 3.24 154.2 97.0 13.5
SCVQ 3.20 188.5 116.4 16.8
AQLM 2.02 165.9 101.3 17.2
VPTQ 2.02 156.3 105.5 18.4
SCVQ 2.04 235.4 135.6 22.7

4.1 Compression Quality

To evaluate the compression quality of the quan-
tized models, we report perplexity on the WikiText-
2 (Merity et al., 2016) and C4 (Raffel et al., 2020)
validation sets. Additionally, we evaluate zero-shot
accuracy across several widely-used LLM bench-
marks, including WinoGrande (Sakaguchi et al.,

2020), PiQA (Tata and Patel, 2003), ARC-Easy,
and ARC-Challenge (Clark et al., 2018).

We first report the results of SCVQ under the
2-bit configuration; please refer to Appendix B for
detailed Bits-Per-Weight (BPW) calculations. We
compare SCVQ against state-of-the-art baselines
that also utilize 8-dimensional vector quantization
and end-to-end optimization. As illustrated in Ta-
ble 3, our method consistently outperforms other
vector quantization approaches under this challeng-
ing 2-bit setting, demonstrating superior perfor-
mance of the quantized model.

To demonstrate the effectiveness of our method
even in the absence of fine-tuning, we evaluate its
performance against various PTQ baselines that do
not require additional gradient computations. The
results for LLaMA-2-7B are illustrated in Table 15
in Appendix J. We prove flexible BPW scaling of
SCVQ by adjusting several key hyperparameters in
Table 11.

4.2 Inference Efficiency

To evaluate the practical computational efficiency
of our quantization framework, we benchmark the
decoding throughput of SCVQ on a single NVIDIA
A100 GPU (80GB). We conduct inference experi-
ments across the LLaMA-2 model family (7B, 13B,
and 70B). To simulate real-world latency-sensitive
scenarios, we fix the batch size to 1.

As illustrated in Table 2, SCVQ significantly out-
performs both AQLM (Egiazarian et al., 2024) and
SqueezeLLM (Kim et al., 2024) across comparable
bitwidths. Notably, SCVQ achieves a throughput of
235.4 tokens/s for LLaMA-2-7B under 2-bit quan-
tization, delivering a 2.3× speedup over the FP16
baseline. These performance gains are driven by
two key optimizations: First, unlike SqueezeLLM’s
reliance on unstructured sparse matrices, SCVQ
utilizes the structured VSR format which enables
efficient coalesced memory access and eliminates
the bank conflicts and branch divergences typical
of irregular sparse indices, significantly enhanc-
ing SpMV kernel efficiency. Second, compared to
AQLM, the acceleration stems from our symmetry-
constrained K-means. By consolidating the code-
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Table 3: Perplexity and zero-shot accuracy results for LLaMA-2 models under 2-bit quantization. All listed methods
utilize 8-dimensional vector quantization and end-to-end fine-tuning. Evaluations are performed with a context
length of 4096.

Model Method BPW Wiki2 ↓ C4 ↓ WINO↑ PIQA↑ ARCE↑ ARCC↑

L2-7B

FP16 16.0 5.12 6.63 67.25 78.45 69.32 40.02
AQLM 2.02 6.14 8.09 65.67 76.01 63.43 34.39
QuIP# 2.02 6.19 8.16 64.96 75.41 64.96 35.15
VPTQ 2.02 6.13 8.07 64.33 75.19 63.84 35.24
SCVQ 2.04 5.87 7.71 66.29 77.22 66.72 37.80

L2-13B

FP16 16.0 4.57 6.05 69.61 78.73 73.27 45.56
AQLM 1.97 5.33 7.19 68.67 76.82 69.99 40.36
QuIP# 2.01 5.35 7.20 67.64 77.26 69.02 39.85
VPTQ 2.02 5.32 7.15 66.85 77.26 71.55 40.02
SCVQ 2.05 5.03 6.74 68.90 76.96 71.04 42.18

L2-70B

FP16 16.0 3.12 4.97 76.95 81.07 77.74 51.11
AQLM 2.07 3.83 5.62 74.35 80.90 74.58 48.98
QuIP# 2.01 3.91 5.71 74.66 79.54 77.06 47.61
VPTQ 2.07 3.93 5.72 74.98 80.33 77.06 47.78
SCVQ 2.04 3.56 5.41 75.21 80.33 77.18 49.06

Table 4: Ablation study of SCVQ on LLaMA-2-7B. We evaluate the contribution of each component by reporting
changes in perplexity and zero-shot accuracy when a specific optimization is removed. Notably, we also report the
impact of each component on the model’s memory footprint, as reflected by the BPW. The results demonstrate that
the full SCVQ achieves Pareto optimality in terms of both memory and performance.

ABLATION CASE BPW WIKI2 ↓ C4 ↓ WINO ↑ PIQA ↑ ARC-E ↑ ARC-C ↑
FULL PIPELINE (2.04 BPW) 2.04 5.78 7.71 66.29 77.22 66.72 37.80
W/O SYMMETRY CONSTRAINT 2.16 5.69 7.66 66.40 77.22 66.25 37.98
W/O CODEBOOK QUANTIZATION 2.10 5.72 7.67 66.40 76.99 66.03 37.53
W/O RESIDUAL MATRIX (R) 1.93 6.24 7.95 66.01 76.04 64.46 35.75
W/O SALIENT MATRIX (Wsalient) 1.89 6.31 8.07 66.01 76.12 64.37 35.30
NAIVE K-MEANS (UNWEIGHTED) 2.04 6.37 8.11 66.01 75.76 64.02 34.14
W/O FINE-TUNING 2.04 6.57 8.34 65.84 75.04 63.81 31.19
W/O OUTLIER MATRIX (Woutlier ) 1.90 6.59 8.41 65.16 74.76 63.81 32.62

FULL PIPELINE (3.20 BPW) 3.20 5.27 6.81 67.14 78.10 68.34 39.95
W/O RESIDUAL MATRIX (R) 3.07 5.31 6.89 67.14 77.04 68.21 39.50
W/O SALIENT MATRIX (Wsalient) 3.11 5.32 6.91 67.02 77.10 67.99 39.14
W/O FINE-TUNING 3.20 5.35 6.93 67.02 77.04 68.12 39.14
W/O OUTLIER MATRIX (Woutlier ) 3.09 5.63 7.07 65.16 75.84 67.72 38.24
NAIVE K-MEANS (UNWEIGHTED) 3.20 5.87 7.24 65.04 75.78 67.42 38.16

book through axial symmetry, we reduce its mem-
ory footprint and alleviate cache pressure during
dequantization lookups.

4.3 Ablation Analysis

We conduct an ablation study on the LLaMA-2-7B
model to evaluate the contribution of each optimiza-
tion component within our quantization pipeline.
Table 4 presents the performance of our full pro-
posed scheme alongside variants where a specific
optimization is removed. Our analysis indicates
that fine-tuning, salience-weighted K-means clus-
tering, and the sparse outlier compensation are
the most critical factors influencing model perfor-
mance. Removing these components leads to the
most significant degradation in both perplexity and
zero-shot accuracy. We also investigate the impact

of our codebook compression design and the VSR-
based inference kernels on decoding throughput in
Appendix K. More ablation analyses for SCVQ are
in Appendices H, G and I.

5 Conclusion

We presented SCVQ, a novel post-training quan-
tization approach that integrates sparse compen-
sation with vector quantization for large language
models. By combining salience-aware K-means
clustering, symmetry-constrained codebook com-
pression, and structured sparse compensation ma-
trices, SCVQ achieves state-of-the-art performance
at ultra-low bit-widths. Our custom VSR-based
CUDA kernels enable efficient inference, deliver-
ing speedup on hardware while maintaining high
model quality. Extensive experiments on the
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LLaMA-2 family demonstrate that SCVQ consis-
tently outperforms existing methods across perplex-
ity and zero-shot benchmarks. This work high-
lights the potential of co-designing quantization
algorithms with hardware-efficient sparse represen-
tations for practical LLM deployment.

Limitations

Despite promising results, SCVQ has limitations
warranting further study. Our sparse sub-vector
selection relies on a heuristic ranking metric, and
the sensitivity hyperparameter α was set via lin-
ear search, underscoring the need for theoretical
grounding. While our compensation framework
is orthogonal to various VQ schemes, this work
focuses solely on K-means clustering; future it-
erations could integrate lattice-based or other ad-
vanced VQ methods for higher fidelity and ef-
ficiency. Additionally, due to the curse of di-
mensionality, we currently restrict experiments to
d = 8. Subsequent work will explore scaling high-
dimensional VQ to LLMs through alternative quan-
tization paradigms.
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A Theoretical Motivation for
Bi-Normalization

Figure 5: 2D PCA visualization of d = 8 sub-vector dis-
tributions for LLaMA-2-7B (q_proj, Layer 15). Left:
without normalization; Right: after bi-normalization.
The bi-normalization transforms the distribution from
an anisotropic structure to a significantly more isotropic,
spherical distribution.

K-means quantization performs optimally when
the underlying data distribution exhibits spherical
symmetry. This stems from its objective function,
which minimizes the sum of squared Euclidean
distances to cluster centroids. From a probabilis-
tic perspective, this objective admits a well-known
interpretation as the limiting case of Gaussian Mix-
ture Models with isotropic, tied covariance matri-
ces(Bishop, 2006; MacQueen, 1967). Under such
conditions, the resulting Voronoi partitions form
convex polyhedral regions that closely approximate
spherical geometry, thereby minimizing quantiza-
tion distortion.

In contrast, weight matrices in large language
models typically exhibit highly anisotropic distri-
butions, where probability mass concentrates along
principal coordinate axes rather than radially (of-
ten manifesting as "ellipse-shaped"). This geomet-
ric mismatch between the data’s intrinsic structure
and the isotropic Euclidean metric employed by
K-means induces distorted cluster boundaries and
elevates reconstruction error. Consequently, pre-
conditioning the weight distribution toward near-
isotropy is essential for achieving high-fidelity vec-
tor quantization. A concrete example illustrating
this phenomenon is provided in Figure 5.

To validate the practical impact of bi-
normalization on LLM weights, we performed
quantization on the q_proj weights from the 16th
layer of LLaMA-2-7. We compared the SQNR of
standard K-means against K-means preceded by
bi-normalization across varying sub-vector dimen-
sions and codebook sizes. As summarized in Ta-
ble 5, bi-normalization yields consistent and signifi-

cant SQNR improvements. We attribute these gains
to two key mechanisms: (1) it enhances weight
vector isotropy, aligning the distribution with the
spherical geometry optimal for K-means; and (2)
it promotes norm concentration, thereby compress-
ing the dynamic range of sub-vectors and enabling
more efficient codebook utilization.

Table 5: SQNR (dB) comparison of LLaMA-2-7B
weights across different normalization schemes. None
denotes standard K-means without normalization; Row-
norm indicates row-wise scaling only; Bi-norm refers
to the proposed bi-normalization.

Dim (d) k None Row-norm Bi-norm

2

4 3.47 4.12 4.35
8 5.89 6.23 6.89

16 8.42 8.44 9.56
32 11.08 11.67 12.29

4

4 1.56 1.62 1.88
8 2.73 3.08 3.34

16 3.92 4.27 4.63
32 5.17 5.33 5.94

8

4 0.71 0.78 0.84
8 1.24 1.33 1.48

16 1.89 2.04 2.22
32 2.45 2.65 2.85

16

4 0.35 0.36 0.40
8 0.58 0.62 0.68

16 0.87 0.95 1.02
32 1.20 1.28 1.38

B Bits per weight

To evaluate compression efficiency, we employ the
bits per weight (BPW) metric (Gerganov and con-
tributors, 2023), which quantifies the average bit
consumption per parameter within our PTQ frame-
work. The BPW is formulated as:

BPW =
log2(k)

d︸ ︷︷ ︸
Indices

+
k(d · bc + 16)

g · 2d̄︸ ︷︷ ︸
Codebook

+ 16 · rc︸ ︷︷ ︸
Sparse

+
32√
g︸︷︷︸

Bi-norm

(7)

where k denotes the number of centroids, d rep-
resents the sub-vector dimension for quantization,
and bc is the bit-width of each codebook entry (e.g.,
bc = 8 for INT8 quantized codebooks). The pa-
rameter g refers to the group size, and d̄ denotes
the number of dimensions subjected to symmetry
constraints. Finally, rc represents the aggregate
sparsity ratio of the unified compensation matrix
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C = Woutlier +Wsalient + R. To simplify calcula-
tions, we do not account for the storage overhead
associated with sparse matrix metadata in this for-
mulation; a detailed analysis is provided in Ap-
pendix C.

In Eq. 7, the second term accounts for the storage
overhead of both the quantized codebook and its
associated per-row scale factors. Specifically, the
scale factors are stored in FP16 format, contribut-
ing 16k

g·2d̄ bits per weight. The final term represents
the storage cost of the bi-normalization scaling vec-
tors. Assuming square sub-matrices of dimensions√
g ×√

g, the row and column scaling vectors to-
gether contribute 2×√

g×16
g = 32√

g bits per weight.

Table 6: Hyperparameter configurations and resulting
BPW across LLaMA-2 model scales.

Hyperparams BPW / Sparsity rc

d k bc d̄ 7B 13B 70B

8 212 8 1 2.04/2.2% 2.05/2.3% 2.04/2.2%
8 212 8 1 2.44/4.7% 2.42/4.6% 2.45/4.8%
8 216 8 4 2.70/2.2% 2.71/2.3% 2.70/2.2%
8 216 8 4 3.10/4.7% 3.08/4.6% 3.11/4.8%
8 220 8 8 3.20/2.2% 3.21/2.3% 3.20/2.2%
8 220 8 8 3.60/4.7% 3.58/4.6% 3.61/4.8%

Inspired by GPTVQ (van Baalen et al., 2025),
we partition the weight matrices of linear layers
into blocks, each assigned an independent code-
book. Specifically, we adopt a block size of
1024 × 1024 (i.e., g = 1024). Unlike GPTVQ,
which employs extremely small blocks to accom-
modate memory-constrained on-device LUT com-
putation, our approach performs K-means clus-
tering over a larger pool of weight sub-vectors,
thereby more effectively capturing their underly-
ing distribution patterns. Furthermore, in con-
trast to AQLM (Egiazarian et al., 2024), which
assigns a fixed-size codebook regardless of ma-
trix dimensions, our method adaptively allocates
more codebooks to larger weight matrices. This
size-proportional allocation ensures superior quan-
tization reconstruction fidelity.

C VSR vs. CSR

Consider an original weight matrix W ∈ Rm×n.
Let r denote the sparsity ratio, and d represent
the grouping dimension employed by VSR. For a
fair comparison, we assume that all non-zero val-
ues, row offsets, and column indices are uniformly
stored using 16-bit precision (FP16). The total
storage footprint (in bits) required by the CSR and

VSR formats is given by:

16 ⌈mnr⌉︸ ︷︷ ︸
Values

+16(m+ 1)︸ ︷︷ ︸
Offsets

+ 16 ⌈mnr⌉︸ ︷︷ ︸
Column Indices

(8)

16 ⌈mnr⌉︸ ︷︷ ︸
Values

+16(m+ 1)︸ ︷︷ ︸
Offsets

+
16 ⌈mnr⌉

d︸ ︷︷ ︸
Column Indices

(9)

As evident from Eqs. (8) and (9), VSR achieves a d-
fold reduction in the storage cost of column indices
compared to CSR, while maintaining identical over-
head for values and row offsets. This compression
stems from VSR’s strategy of grouping d consec-
utive non-zero elements into a single index entry,
thereby significantly improving memory efficiency
without altering the underlying sparse structure.

Table 7: KS statistics across eight dimensions for linear
layers in the 5-th transformer layer of LLaMA-2-7B.
A lower score indicates stronger symmetry of the cor-
responding axis. Bold values represent the dimension
with the highest symmetry in each layer.

Layer D1 D2 D3 D4 D5 D6 D7 D8

q_proj .13 .21 .32 .09 .12 .17 .22 .25
k_proj .23 .34 .22 .17 .15 .11 .12 .15
v_proj .19 .26 .06 .16 .19 .07 .09 .14
o_proj .13 .24 .31 .25 .16 .19 .24 .29
gate_proj .11 .17 .17 .21 .12 .23 .31 .09
up_proj .04 .08 .14 .19 .22 .31 .23 .26
down_proj .28 .26 .17 .31 .25 .34 .19 .25

D Symmetry Evaluation via
Kolmogorov-Smirnov Test

To implement the symmetry-constrained K-means
described in Section 3.3, it is essential to iden-
tify the dimensions that exhibit the highest degree
of axial symmetry. We employ a non-parametric
approach based on the two-sample Kolmogorov-
Smirnov (KS) test to quantify this symmetry across
the weight space.

For a d-dimensional vector space, let Vj be a ran-
dom variable representing the weight values along
the j-th coordinate axis, where j ∈ {1, . . . , d}. If
the distribution along this dimension is perfectly
symmetric about the origin, its cumulative distribu-
tion function (CDF) must satisfy Fj(x) = P (Vj ≤
x) = P (−Vj ≤ x). In a discrete setting, this is
equivalent to testing whether the sample set and
its negation are drawn from the same underlying
distribution.

Let Vj = {v1,j , v2,j , . . . , vn,j} be a set of n
weight samples collected from the j-th dimension
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of the sub-vectors {vi}ni=1. We define the Empir-
ical Cumulative Distribution Function (ECDF) of
the original samples as:

Fn,j(x) =
1

n

n∑

i=1

I(−∞,x](vi,j) (10)

where I(·) is the indicator function. Similarly, let
F̂n,j(x) be the ECDF of the mirrored sample set
V ′
j = {−vi,j | vi,j ∈ Vj}:

F̂n,j(x) =
1

n

n∑

i=1

I(−∞,x](−vi,j) (11)

The KS statistic Dn,j is defined as the supre-
mum of the absolute differences between these two
ECDFs:

Dn,j = sup
x

|Fn,j(x)− F̂n,j(x)| (12)

A smaller Dn,j value indicates that the distribution
along the j-th dimension is more closely aligned
with its reflection, implying stronger axial symme-
try.

To select the d̄ dimensions for the symmetry con-
straint, we rank all d dimensions by their respective
KS statistics in ascending order:

Dn,π(1) ≤ Dn,π(2) ≤ · · · ≤ Dn,π(d) (13)

where π is a permutation of the indices {1, . . . , d}.
The set of constrained dimensions D is then con-
structed from the top d̄ indices:

D = {π(1), π(2), . . . , π(d̄)} (14)

This data-driven selection ensures that the mir-
ror consolidation process targets the most intrin-
sically symmetric axes of the weight distribution,
thereby minimizing the reconstruction error during
symmetry-constrained quantization. Table 7 shows
an example of our symmetry evaluation method
when d = 8.

E Salience-Weighted K-Means Algorithm

Our quantization framework utilizes a weighted K-
means algorithm to minimize the salience-weighted
reconstruction error, ensuring that critical weights
for model performance are reconstructed with
higher fidelity. Given a set of n weight sub-vectors
{v1, . . . ,vn} ⊂ Rd and their corresponding aggre-
gate salience factors {S1, . . . , Sn}, we aim to find

a codebook of k centroids B = {c1, . . . , ck} that
minimize the following objective:

J =
n∑

i=1

Si∥vi − cµ(i)∥2 (15)

where µ(i) ∈ {1, . . . , k} is the index of the cen-
troid nearest to vi.

E.1 Salience-Weighted K-Means++
Initialization

To avoid suboptimal local minima and ensure
salient regions are well-represented, we modify
the K-Means++ initialization. The first centroid
c1 is sampled randomly. Subsequent centroids cj
are sampled from the remaining sub-vectors with a
probability biased by both distance and salience:

P (cj = vi) =
Si ·D(vi)

2

∑n
m=1 Sm ·D(vm)2

(16)

where D(wi) is the shortest Euclidean distance
from vi to the centroids already selected.

E.2 Iterative Refinement
The algorithm alternates between the following two
steps until the centroids stabilize:

1. Weighted Assignment: Each sub-vector vi is
assigned to the nearest centroid cj in the Eu-
clidean space. Note that while the assignment
is based on distance, the impact on the total
loss J is scaled by Si.

2. Weighted Centroid Update: Each centroid
cj is updated to be the salience-weighted
mean of the sub-vectors assigned to it:

cj =

∑
i∈Aj

Sivi∑
i∈Aj

Si
(17)

where Aj is the set of indices of sub-vectors
assigned to centroid cj .

F Experimental Configurations

All experiments were conducted on NVIDIA A100
GPUs, with the number of GPUs ranging from 1 to
8 depending on the model scale.

To compute the local salience factor Slocal, we
utilized the RedPajama-Data-1T (Computer, 2023)
dataset with a batch size of 4 and a context length
of 4096. The calculation was performed over 1536
batches, totaling 6144 samples. For the global
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Table 8: Impact of codebook quantization precision
(bc) on LLaMA-2-7B. All experiments use d = 8, k =
212, d̄ = 1, and rc = 2.23%.

Scheme bc BPW Wiki2 C4

Symmetric
4 1.98 6.93 9.01
8 2.04 6.57 8.34

16 2.17 6.13 8.01

Asymmetric
4 2.01 6.89 8.87
8 2.08 6.32 8.23

16 2.20 6.03 7.98

salience factor Sglobal, we used a smaller calibra-
tion set of 128 samples from the C4 (Raffel et al.,
2020) dataset with a context length of 512. This
stage followed the default training configurations
provided by the Hugging Face accelerate (Gugger
et al., 2022) library, employing the AdamW opti-
mizer with a learning rate of 5 × 10−5, β1 = 0.9,
and β2 = 0.999.

During the fine-tuning phase, we performed a
grid search to determine the optimal learning rates
for the sparse compensation matrix and the scaling
vectors, which were set to 1× 10−3 and 5× 10−3,
respectively. We similarly utilized the AdamW
optimizer (β1 = 0.9, β2 = 0.999) and trained on
1024 samples from the WikiText-2 (Merity et al.,
2016) dataset with a context length of 1024. Fur-
thermore, the coefficient for the Confidence-Aware
KL Divergence (Du et al., 2024) was estimated
over 10 steps.

G Ablation Study on Codebook
Quantization

To evaluate the impact of codebook quantization
on both the memory footprint and the performance
of the model, we conducted an ablation study com-
paring different BPW for codebook entry storage
(bc): FP16 , INT8, and INT4. This analysis was
performed on the Llama-2-7B model without the
fine-tuning stage described in Section 3.4, allowing
us to isolate the raw quantization effect.

As shown in Table 8, 8-bit quantization provides
a superior trade-off between the bit-rate and per-
plexity. We also compared symmetric and asym-
metric quantization schemes. While asymmetric
quantization achieves slightly higher reconstruction
accuracy, it incurs an additional BPW overhead due
to the requirement of storing zero-points for each
codebook entry. Consequently, we selected 8-bit
symmetric quantization for our final implementa-
tion as discussed in Section 3.3.

Table 9: Impact of sparsity ratios on model performance.
routlier, rsalient, and rresidual denote vector-wise sparsity
ratios for individual components, while rc is the aggre-
gate ratio after merging.

Category Size rc ro rs rr Wiki2↓ C4↓
Baseline 7B 0.00 0.0 0.0 0.0 7.58 9.44

Single
7B 1.00 1.0 0.0 0.0 6.63 8.51
7B 1.00 0.0 1.0 0.0 6.77 8.68
7B 1.00 0.0 0.0 1.0 7.02 9.11

Joint
7B 0.03 .01 .01 .01 7.33 9.36
7B 0.12 .05 .05 .05 7.23 9.18
7B 0.23 .10 .10 .10 6.97 8.93

Full(1%)
7B 2.23 1.0 1.0 1.0 6.57 8.34
13B 2.32 1.0 1.0 1.0 – –
70B 2.21 1.0 1.0 1.0 – –

Full(2%)
7B 4.73 2.0 2.0 2.0 5.65 7.55
13B 4.62 2.0 2.0 2.0 – –
70B 4.75 2.0 2.0 2.0 – –

H Ablation Study on Hyperparameter α

We conducted an ablation study to investigate the
sensitivity of the hyperparameter α in our resid-
ual compensation strategy. The experiments were
performed using the LLaMA-2-7B model config-
ured at approximately 2.08 BPW. We evaluated
the model’s perplexity on the WikiText-2 and C4
validation sets across various α values.

Table 10 exhibits a U-shaped trend peaking at
α = 0.25, which optimally balances salience and
residual compensation:

• α > 0.25: Over-prioritizes salience, under-
compensating large quantization errors.

• α < 0.25: Over-emphasizes residuals, ne-
glecting structurally critical weights.

Table 10: Ablation of α on LLaMA-2-7B at approx-
imately 2.08 BPW. α = 0.25 consistently yields the
lowest values.

Hyperparameter α Wiki2 C4

1.00 7.24 10.33
0.75 6.27 8.34
0.50 5.82 7.92
0.25 5.78 7.71
0.20 5.84 8.09
0.10 6.14 8.13
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Table 11: Perplexity and zero-shot accuracy (%) for LLaMA-2 models. All results use the SCVQ pipeline.

PPL ↓ Zero-shot Acc ↑
Model BPW Wiki2 C4 WINO PIQA ARC-E ARC-C

L2-7B

2.04 5.78 7.71 66.29 77.22 66.72 37.80
2.44 5.65 7.55 65.72 77.79 66.89 38.23
2.70 5.52 7.17 66.52 77.90 67.99 38.52
3.10 5.31 6.86 66.86 78.02 68.24 39.41
3.20 5.27 6.81 67.14 78.10 68.34 39.95
3.60 5.21 6.75 67.25 78.22 68.95 40.03

L2-13B

2.05 5.03 6.74 68.90 76.96 71.04 42.18
2.42 4.88 6.51 69.07 77.93 71.78 43.34
2.71 4.81 6.32 69.52 78.02 72.04 43.61
3.08 4.73 6.25 69.52 78.62 72.91 44.24
3.21 4.67 6.17 69.85 78.82 73.39 43.97
3.58 4.65 6.12 69.97 78.96 73.61 44.41

L2-70B

2.04 3.56 5.41 75.21 80.33 77.18 49.06
2.45 3.46 5.34 76.14 80.65 77.40 48.70
2.70 3.32 5.28 76.37 80.90 77.53 49.24
3.11 3.28 5.11 76.66 80.96 77.74 50.04
3.20 3.23 5.09 76.71 81.19 77.61 50.22
3.61 3.19 5.07 76.88 81.28 77.92 50.49

I Ablation Study on Sparse
Compensation Ratios

To investigate the impact of various sparsity ratios
and the specific contribution of each component
within the sparse compensation matrix to model
performance restoration, we conducted a series of
ablation experiments. Using the baseline configura-
tion of LLaMA-2-7B, we varied the sparsity levels
for routlier, rsalient, and rresidual. All perplexity re-
sults in Table 9 were evaluated in a post-training
setting without the fine-tuning stage to isolate the
raw impact of the sparse components.

As shown in the table, the outlier matrix Woutlier
provides the most significant gain among single
components, followed by the salient weight matrix
Wsalient. Notably, when multiple components are
integrated, the aggregate sparsity rc is consistently
lower than the sum of individual ratios. This con-
firms the existence of substantial overlap between
different salience criteria, allowing for a more com-
pact and efficient sparse representation.

J Additional Result

Beyond the LLaMA-2 family discussed in the
main text, Table 12 summarizes the performance
of various quantization methods on the LLaMA-
3.1-8B and LLaMA-3.2-3B models. Specifi-
cally, for GPTVQ (van Baalen et al., 2025), we
employ 4-dimensional vector quantization. For
AQLM (Egiazarian et al., 2024) and QuIP# (Tseng
et al., 2024), we incorporate fine-tuning and strictly
adhere to the hyperparameter configurations re-
ported in their respective works. Additionally, we
validate our SCVQ method on the Qwen3 model,
as illustrated in Table 16.

Table 12: Results on LLaMA-3.1-8B and LLaMA-3.2-
3B. We report perplexity and zero-shot accuracy.

PPL ↓ Zero-shot Acc ↑
BPW Wiki2 C4 ARC-E ARC-C

L3.1-8B

BF16 16.00 6.50 8.02 78.03 51.37

SCVQ 2.05 7.64 9.09 74.94 48.21
GPTVQ 2.13 9.41 11.13 71.52 46.08
AQLM 2.29 7.82 9.20 74.10 47.61
SCVQ 2.42 6.81 8.32 75.57 49.06
GPTVQ 3.13 7.02 8.76 73.84 47.61

L3.2-3B

BF16 16.00 9.62 10.75 71.42 44.45

SCVQ 2.05 13.35 13.44 67.08 38.57
AQLM 2.02 14.31 15.56 66.10 38.91
QuIP# 2.02 15.03 15.71 66.28 37.67
QuIP# 3.02 10.48 11.19 68.19 41.38
SCVQ 3.20 10.46 11.15 69.70 41.89

BPW Scaling. We achieve flexible BPW scaling
by adjusting several key hyperparameters, includ-
ing the number of centroids k in K-means cluster-
ing, the number of axes d̄ for symmetry constraints,
and the average sparsity rc of the sparse compen-
sation matrix. As demonstrated in Table 11, the
performance of the quantized models exhibits a
clear and consistent scaling behavior as the BPW
increases. The specific hyperparameter configu-
rations used for these experiments are detailed in
Table 6.

K Ablation Study for Decoding
Throughput

The ablation results are summarized in Table 13.
We observe that employing a naive CSR-based
SpMV kernel results in a noticeable throughput
degradation compared to our proposed VSR ker-
nel. Since weight-only quantized LLMs are primar-
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Table 13: Ablation study of decoding throughput (to-
kens/s) on LLaMA-2-7B using a single NVIDIA A100
GPU (Batch Size 1).

METHOD BPW bc d̄ TOK/S

FP16 Baseline 16.00 16 - 103.7

SCVQ (Ours) 3.20 8 8 188.5
SCVQ (naive CSR) 3.20 8 8 161.5
SCVQ (FP16 codebook) 3.45 16 8 124.8
SCVQ (less symmetry) 3.48 8 7 106.3

SCVQ (Ours) 2.04 8 1 235.4
SCVQ (naive CSR) 2.04 8 1 213.5
SCVQ (FP16 codebook) 2.10 16 1 185.7
SCVQ (less symmetry) 2.16 8 0 134.5

ily constrained by the "memory wall" (Kim et al.,
2024), this performance gap stems from the fact
that the CSR format requires significantly more
storage for column indices. In contrast, VSR min-
imizes this metadata overhead, reducing the total
volume of data transferred from DRAM and alle-
viating memory bandwidth pressure. Furthermore,
utilizing an FP16 codebook or relaxing the axial
symmetry constraint doubles the codebook size.
This expansion increases loading latency. Specif-
ically, in the case of reduced symmetry, the dou-
bling of codebook entries causes the LUT-based
dequantization process to become the primary com-
putational bottleneck rather than SpMV process.
Table 14: Ablation of trainable modules on 2.04 BPW
LLaMA-2-7B. PPL is reported on WikiText-2 and
C4.(SV: Scaling Vectors, SM: Sparse Matrix, CB: Code-
book.)

Trainable Components Wiki2 ↓ C4 ↓
Baseline 6.57 8.34
CB 6.34 8.05
SV 6.39 8.12
SM 6.23 7.97

SV + SM 5.87 7.71
SV + CB 6.04 7.92
CB + SM 6.55 8.17
SV + SM + CB 6.27 8.03

L Ablation Study for Finetuning

We evaluated three candidate trainable compo-
nents—scaling vectors, codebook centroids, and
the non-zero elements of the sparse compensation
matrix—along with their various combinations for
fine-tuning the quantized model. As summarized
in Table 14, our ablation study reveals that jointly
optimizing the scaling vectors and the sparse com-
pensation matrix yields the most significant gains,
achieving the lowest perplexity on WikiText-2 and

C4. Notably, we observed a manifest optimization
conflict when simultaneously updating the code-
book and the sparse matrix, which hindered per-
formance recovery. Consequently, we exclude the
codebook from the final fine-tuning stage to ensure
optimal and robust results.
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Table 15: Performance of LLaMA-2-7B without fine-tuning. We report perplexity and zero-shot accuracy (%).

PPL ↓ Zero-shot Acc ↑
Bit Method BPW Wiki2 C4 WINO PIQA ARC-E ARC-C

2

AQLM 2.02 6.59 8.54 65.67 74.76 63.68 32.76
QuIP# 2.02 8.22 11.01 62.43 71.38 55.56 28.84
SCVQ 2.04 6.57 8.34 65.84 75.04 63.81 31.19
GPTQ 2.13 36.83 51.34 — — — —

AQLM 2.29 6.29 8.11 65.67 74.92 66.50 34.90
SCVQ 2.44 5.65 7.55 66.12 75.21 66.59 35.12

3

SpQR 2.98 6.20 8.20 63.54 74.81 67.42 37.71
QuIP# 3.02 5.60 7.34 64.89 76.84 67.03 37.09
AQLM 3.04 5.46 7.08 66.93 76.88 68.06 38.40
SCVQ 3.10 5.38 7.02 67.02 76.99 68.12 39.14
GPTQ 3.13 8.06 10.61 59.19 71.49 58.46 31.06
AWQ 3.13 7.93 10.23 58.81 69.98 57.97 29.94
SCVQ 3.20 5.35 6.93 67.02 77.04 68.12 39.14
SCVQ 3.60 5.27 6.87 67.14 77.18 68.20 39.14

Table 16: Results on Qwen3 series models. We report perplexity and zero-shot accuracy. Best results are in bold.

PPL ↓ Zero-shot Acc ↑
Model Method BPW Wiki2 C4 WINO PIQA ARC-E ARC-C

4B

BF16 16.00 13.72 16.63 65.82 75.02 80.51 50.68

AQLM 2.02 14.94 19.07 63.04 72.91 73.74 43.43
QuIP# 2.02 14.84 18.91 63.61 73.12 73.86 43.69
VPTQ 2.02 14.87 18.86 63.44 73.01 74.11 44.80
SCVQ 2.05 14.21 18.34 65.03 73.72 74.41 45.14

8B

BF16 16.00 9.71 13.32 68.02 76.44 83.50 55.55

AQLM 2.02 10.72 14.44 66.78 74.42 80.60 50.00
QuIP# 2.03 10.75 14.23 66.32 74.27 80.47 49.66
VPTQ 2.07 10.67 14.21 67.06 74.54 80.64 50.42
SCVQ 2.04 10.35 14.12 67.57 75.02 81.02 52.04

14B

BF16 16.00 8.64 12.03 72.95 80.03 84.30 59.04

AQLM 1.97 9.23 13.07 71.87 78.07 82.11 57.08
QuIP# 2.02 9.12 13.13 70.63 78.61 81.90 57.25
VPTQ 2.03 9.22 13.11 72.16 78.40 82.07 57.59
SCVQ 2.05 9.17 12.87 72.09 78.94 82.74 58.70

32B

BF16 16.00 7.61 10.87 73.57 80.90 84.39 57.76

AQLM 2.06 8.34 11.65 71.87 80.33 81.02 56.14
QuIP# 2.02 8.41 11.73 71.64 79.70 81.27 54.95
VPTQ 2.07 8.36 11.64 71.92 79.54 81.44 56.74
SCVQ 2.04 8.15 11.26 72.16 80.41 82.24 56.82
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