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Abstract. Vector quantization is a fundamental technique for reducing
memory footprint and computational overhead in modern database sys-
tems, search engines, and large language models. However, existing vector
quantization methods remain limited in simultaneously achieving high
quantization accuracy and computational efficiency. In this paper, we
propose Distribution-aware locally-adaptive Quantization (DalQ), which
achieves superior accuracy with competitive efficiency through two key
mechanisms. First, distribution-aware range adaptation leverages Gaussian-
like embedding distributions via an adaptive clip factor, concentrating
precision in high-density regions while tolerating controlled clipping of
rare outliers. Second, decomposed vector refinement employs a two-stage
geometric optimization strategy for near-optimal reconstruction: direc-
tional alignment via iterative code search and magnitude refinement via
projection-based scaling. We prove the existence and uniqueness of the
optimal clip factor and identify a reference clip factor enabling tuning-
free deployment. Extensive evaluations demonstrate the substantial ad-
vantages of DalQ over state-of-the-art baselines. Against LVQ, DalQ
achieves up to 96.6% reduction in quantization error with competitive
efficiency. Against RaBitQ, DalQ not only reduces quantization error by
up to 63.4%, but also delivers up to 25.8x faster quantization and up to
3.2x faster distance computation.

Keywords: Vector Quantization - Approximate Nearest Neighbor Search

1 Introduction

Vector quantization is a fundamental compression technique that transforms
continuous vectors into compact discrete representations, reducing memory and
computational overhead across modern database systems [22I14], search en-
gines [26121], and large language models [I2I5/18]. The explosive growth of high-
dimensional embeddings [12] has made efficient compression increasingly critical—
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from billion-scale similarity search [I] to deploying models with hundreds of bil-
lions of parameters on resource-constrained hardware [9]. The core challenge is
universal: how to compress high-dimensional vectors with minimal information
loss while maintaining computational efficiency.

Existing vector quantization methods fall into two families. Product Quan-
tization (PQ) methods [I7IT3I3I20] require costly codebook training and slow
lookup-table distance computation. Scalar Quantization (SQ) methods avoid
codebook training by quantizing each dimension independently, yet no existing
approach achieves both high accuracy and efficiency: classical SQ [8] underuti-
lizes quantization ranges as vectors occupy only small fractions of global bounds;
LVQ [1] mitigates this with per-vector bounds but ignores value distributions;
RaBitQ [I1I10] improves accuracy via an unbiased estimator but incurs high
overhead and supports only limited distance metrics.

In this paper, we propose DalQ (Distribution-aware locally-adaptive Quan-
tization), motivated by the observation that dimension values in deep learning
embeddings typically follow approximately Gaussian distributions with density
concentrated in central regions; for irregular distributions, random orthogonal
rotation [6] serves as an effective distribution regularizer. DalQ introduces two
mechanisms. First, distribution-aware range adaptation introduces a clip fac-
tor § € (0,1] that adaptively tightens quantization ranges from full per-vector
bounds to narrower clipped ranges, trading controlled clipping error in low-
density outliers for reduced quantization error in the high-density majority. We
prove the existence and uniqueness of the optimal clip factor, develop an efficient
adaptive search algorithm, and identify a reference factor providing tuning-free
deployment. Second, decomposed vector refinement employs a two-stage geomet-
ric optimization strategy beyond standard value-proximity rounding: (1) direc-
tional alignment via iterative code search maximizes cosine similarity through
greedy code search; (2) magnitude refinement via projection-based scaling com-
putes the optimal scalar for magnitude refinement, achieving near-optimal recon-
struction within discrete constraints. We summarize our contributions as follows:

— We empirically observe that modern embeddings exhibit Gaussian-like dis-
tributions with values concentrated in central regions, and that random or-
thogonal rotation serves as an effective regularizer, transforming arbitrary
distributions toward Gaussian forms.

— We propose DalQ, a vector quantization method achieving high accuracy via
two mechanisms: (1) distribution-aware range adaptation employs an adap-
tive clip factor to concentrate quantization precision in high-density regions
while tolerating controlled clipping of rare outliers; (2) decomposed vector
refinement applies a two-stage geometric optimization strategy for near-
optimal reconstruction: directional alignment and magnitude refinement.

— We prove the existence and uniqueness of the optimal clip factor under a
unimodal distribution assumption, develop an adaptive search algorithm to
locate a near-optimal clip factor, and identify a reference factor fef = 1—e~°
enabling tuning-free deployment or effective search initialization.
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— We conduct extensive evaluations on large-scale datasets spanning diverse
domains and dimensionalities. Compared to LVQ, DalQ achieves up to 96.6%
lower MSE while maintaining competitive efficiency. Compared to RaBitQ,
DalQ achieves up to 63.4% lower MSE, up to 25.8x faster quantization, and
up to 3.2x faster distance computation.

2 Preliminaries

Scalar quantization. Scalar quantization compresses each dimension of a vec-
tor independently by mapping floating-point values to discrete integer codes.
Given a vector z € R, uniform b-bit scalar quantization encodes each dimen-
sion as an integer code ¢; € {0,1,...,2° —1}:

Zj—l

cj = Q(z;,1,u,b) = { (2 —1)+ 2—1J (1)

u—1
The reconstruction value is computed via dequantization:

—1
5 =Q Yej Lub) =1 +¢ - A, A:;j)il (2)
where [ and u are the lower and upper bounds calculated based on predefined cri-
teria, and A is the step size. The per-dimension reconstruction error is bounded
by |Zj — 73j| S A/2

3 Method: DalQ

We now present the method DalQ (Distribution-aware locally-adaptive Quanti-
zation). We begin by presenting distribution-aware range adaptation, then de-
scribe decomposed vector refinement, and finally provide the complete quanti-
zation procedure with detailed algorithms.

3.1 Distribution-Aware Range Adaptation

Distribution Observation. The design of DalQ is motivated by a fundamen-
tal distributional property of modern deep learning embeddings: after mean-
centering, dimension values exhibit Gaussian-like marginal distributions with
density concentrated near the center and decaying rapidly toward the tails, as
illustrated in Figure [T] across four representative datasets. This pattern is theo-
retically grounded: repeated linear transformations and non-linear activations in
neural networks drive dimension values toward Gaussian by the Central Limit
Theorem [4], a tendency further reinforced by common normalization techniques
such as batch normalization [16].
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Fig. 1: Kernel density estimates of 1000 randomly sampled embedding vectors
from four datasets. Each curve represents the marginal distribution across all
dimensions of one vector.

Random Rotation for Distribution Regularization. Real-world embed-
dings sometimes exhibit irregular distributional patterns (e.g., asymmetry, heavy
tails). To address this, we propose applying random orthogonal rotation z’ = Rz
as a preprocessing regularizer, where R is obtained via QR decomposition of a
matrix with i.i.d. A'(0,1) entries. As shown in Figure [2| random rotation trans-
forms a skewed per-vector distribution into an approximately symmetric, zero-
centered one. This effect arises because each rotated dimension 2; =3, R;;2; is
a weighted sum of all original dimensions with y Rfj = 1, whose marginal dis-
tribution converges toward Gaussian forms by the Central Limit Theorem [4] as
dimensionality d increases. Therefore, random rotation can serve as an optional
preprocessing step for datasets with irregular distributions.

Implications for Quantization. The reconstruction error of a quantization
method is given by:

— 00

d 400
MSE = jlg_;(zj ~5P = [Pl ds 3)

where Z denotes the reconstructed value for original z. Different regions of the
value range contribute unequally to the overall reconstruction error, weighted by
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Fig.2: Marginal distribution of a randomly sampled vector from the MSong
dataset before (left) and after (right) random orthogonal rotation.
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Fig. 3: Tllustration of the two key mechanisms of DalQ. (a) Range Adaptation
tightens both the quantization range and the step size. (b) Decomposed Vector
Refinement reduces the quantization Mean Squared Error (MSE), as evidenced
by [[vo — wally < l[vo — vl

their probability density p(z). Under Gaussian-like distributions, values in the
central region are far more probable than those in the periphery. Consequently,
allocating finer quantization to the center—even at the cost of clipping peripheral
outliers—can substantially reduce the total reconstruction error.

Range Adaptation. DalQ exploits this distributional characteristic by intro-
ducing the clip factor B € (0,1], which adaptively tightens the quantization
range from the full per-vector bounds [I, u] to a narrower clipped range centered
within the original bounds (Figure .

Definition 1 (Clip Factor). For a vector z € R? with original per-vector
bounds | = minjerg 2; and u = max;c(q zj, the clip factor B € (0,1] deter-
mines the clipped bounds [I*,u*] according to: I* =1+ %VV, u* = u— %W,
where W = u — [ is the original range width. The effective quantization range
width after clipping is W* = W.

The clipped bounds maintain symmetry with respect to the range midpoint
(I +u)/2. When 8 = 1, we have [* = [ and u* = u, recovering the original LVQ
bounds without any clipping. When 8 < 1, the range contracts symmetrically
from both ends.

Error Decomposition. The reconstruction error in DalQ comprises two inde-
pendent components: clipping error from range truncation and quantization er-
ror from uniform scalar quantization within the effective range. DalQ’s adaptive
range tightening creates a principled trade-off between the two error components:

— Reduced quantization error: With a narrower effective range W* = gW,
the quantization step size becomes A* = A, which is smaller than LVQ’s
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step size by a factor of 5. For dimensions with values inside the clipped range
[I*,u*], the quantization error reduces proportionally to 32 (since error is
proportional to A?).

— Controlled clipping error: Dimensions with values outside the clipped
range [I*,u*] are clipped to the nearest boundary (I* or u*) before quanti-
zation. This introduces additional clipping error for outlier dimensions.

The fundamental insight is that for Gaussian-like distributions, the substan-
tial reduction in quantization error affecting the high-density majority typically
outweighs the controlled increase in clipping error affecting the low-density mi-
nority, yielding lower overall MSE. The optimal clip factor §* for a given bit-
width b precisely balances these two error components to minimize the total
expected MSE.

Theorem 1 (Existence and Uniqueness of Optimal Clip Factor). Sup-
pose dimension values z; within a vector are i.i.d. from a continuous unimodal
distribution p(z) with mode m € (I,u), i.e., p is non-decreasing on (—oo, m| and
non-increasing on [m,+00). Then for each bit-width b > 1, there exists a unique
optimal clip factor *(b) € (0,1] that minimizes the total MSE.

Proof. For fixed b, define
f(ﬁ) £ MSE(B,[)) = Eclip(ﬂ) + 5quant(ﬂ7 b)> 6 S (0, 1]7

where
*(8) +oo
can®) = [ U@ [ e (@)Ppe)
—00 u*(8)
and W22
gquant(ﬁab) = m

We first prove existence. Define f(0) £ limg o+ f(8) = E[(z — ¢)?], where
c = (l+u)/2. As B — 07, the interval [I*(8),u*(B)] shrinks to {c}, so the
above extension is well defined. Hence, f is continuous on [0, 1]. Since [0,1] is
compact, the Extreme Value Theorem implies that f attains its minimum at
some 3 € [0, 1]. Because 8 = 0 is not optimal, there exists at least one minimizer
B*(b) € (0,1].

We next prove uniqueness by showing that f is strictly convex on (0,1].
For each fixed z, define g(8;z) = (max(z - u*(ﬁ),O))2 + (max(l*(ﬁ) - z,O))Z.
Since I*(8) = ¢ — BW/2 and u*(8) = ¢ + W/2 are affine in §, and since
h(t) = max(t,0)? is convex, it follows that g(3;z) is convex in 3. Therefore,

eclip(B) = E[g(5; 2)] is convex. On the other hand, equant(5,0) = %52 is
strictly convex because J‘l—;equant(ﬁ,b) = % > 0. Therefore, f is strictly

convex on (0, 1] as the sum of a convex function and a strictly convex function. A
strictly convex function on a convex domain has at most one minimizer. Hence,
the minimizer 8*(b) € (0, 1] exists and is unique.



DalQ: Reconciling Accuracy and Efficiency in Vector Quantization 7

Algorithm 1 Adaptive Search for Optimal Clip Factor

Input: Samples S, bit-width b, range [Bmin, Bmax], counts nc, n,, ny, radii o,y
Output: Near-optimal 8*

1: B. <+ uniform sample of n. values in [Bmin, Bmax]

Broest < EVALUATECANDIDATES(B., S, b)

B, < uniform sample of n, values in [Bbest — Or, Bbest + Or]
Bvest < EVALUATECANDIDATES(B;, S, b)

By < uniform sample of n; values in [Buest — £, Bvest + I¢]
Bbest < EVALUATECANDIDATES(B¢, S, b)

return Spest

Adaptive Search Algorithm. While computing the optimal clip factor ana-
lytically is intractable, we adopt an adaptive search strategy to obtain a near-
optimal solution g*. Given quantization bit-width b and a sample set S =
{z1,...,2Zm}, we solve

p7(b) =arg  min ZHZz— 2;(B.b)I3, (4)

€[Bmin,Bmax]| M

where z;(3,b) denotes the dequantized vector produced by DalQ under clip fac-
tor 8 and bit-width b. As shown in Algorithm [I] the search is performed in
three stages. We first sample candidate clip factors uniformly over the full range
[Bmins Pmax) to identify a promising region. We then progressively restrict the
search to smaller neighborhoods centered at the current best candidate, using a
refinement radius d, followed by a finer radius dy. At each stage, all candidates
are evaluated by quantizing and dequantizing the sampled vectors and computing
the corresponding average MSE. The candidate with the lowest reconstruction
error is retained for the next stage. This coarse-to-fine design provides an effi-
cient approximation to the optimal clip factor while avoiding exhaustive search
over the entire range.

Besides, we identify a reference factor Bref = 1 — e~ that provides a tuning-
free approximation, enabling direct application or serving as effective initial-
ization for the adaptive search. Detailed empirical validation and analysis are
presented in Section

3.2 Decomposed Vector Refinement

Beyond distribution-aware range adaptation, DalQ introduces a decomposed vec-
tor refinement framework (Algorithm [2)) that exploits the geometric structure
(Figure of vector quantization to achieve superior reconstruction accuracy.
Classical quantization approaches, including LVQ, determine quantization codes
purely based on value proximity—rounding each dimension to the nearest quan-
tization level—without considering the overall geometric relationship between
the original vector z and its reconstructed counterpart z. To minimize recon-
struction error ||z — /|2, we adopt a two-stage geometric optimization strategy:
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Algorithm 2 Decomposed Vector Refinement

Input: Original vector z, initial codes ¢, clipped bounds I*, ", bit-width b, iterations
R
Output: Refined codes ¢/, scale \*

// Stage 1: Directional Alignment via Iterative Code Search

1: ¢’ + ¢; 2 + DECODE(c, I*,u*,b); simpest < cos(z, Z)

2: forr =1to R do

3: for i =1 to d do

4: Try searching code ¢} by § € {—k,...,—1,+1,...,+k}
5: SiMnew — €OS(Z, Znew)

6: if simpew > simpess then

7 ¢+ ¢} 4 6; siMpesy < SiMpew

8: end if

9: end for

10: end for

// Stage 2: Magnitude Refinement via Projection-Based Scaling
11: 2o < DEcopE(c,I*,u*,b)
12: X* < (z,20)/||20]?
13: return c’, \*

first aligning the direction of the quantized vector with the original vector, then
adjusting its magnitude to the optimal scale. This decomposition uses two se-
quential stages: directional alignment via iterative code search and magnitude
refinement via projection-based scaling, as detailed below.

Directional Alignment via Iterative Code Search. The first stage of de-
composed vector refinement (Algorithm [2| lines 1-10) focuses on finding quan-
tization codes that maximize directional alignment between the original vector
z and the reconstructed vector z. Directional alignment is measured by cosine
similarity:

o (z)

02 = e ©)

However, given the bit-width b, there exists a discrete set of possible recon-
structed vectors determined by the (2°)? possible code combinations. Enumerat-
ing all possible combinations is computationally infeasible. Instead, we employ
an iterative greedy search strategy.

Starting from the initial quantization codes obtained via standard round-
ing (Figure where the green square v; denotes the quantization codeword
closest to vp), we iteratively examine code modifications and accept those that
improve directional alignment (Figure where the blue diamond vs denotes
the codeword discovered after several search steps (blue dashed arrows) that
is directionally closer to vy than v;). The algorithm performs R rounds (line
2), where in each round we sweep through all dimensions (line 3). For each
dimension 4, we try searching the quantization code ¢; by small increments
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0 € {-k,...,—1,41,...,+k} (line 4), compute the resulting cosine similarity
(line 5), and accept improvements that increase cosine similarity (lines 6-7).
This greedy search efficiently explores the discrete code space to find codes
that better preserve the directional alignment with the original vector. Since
the procedure only accepts code modifications that strictly improve the cosine
similarity between z and the decoded vector, the objective value increases mono-
tonically throughout the search. Meanwhile, the code space is finite, as each
dimension can only take one of 2° discrete codes. Therefore, the search must ter-
minate after a finite number of accepted updates. At convergence, no further code
change within the prescribed local search neighborhood can improve the cosine
similarity, indicating that the procedure reaches a stable coordinate-wise local
optimum. Although this greedy strategy does not guarantee the global optimum
over the entire discrete code space, it provides an effective and computationally
lightweight mechanism for improving directional alignment in practice.

Magnitude Refinement via Projection-Based Scaling. After directional
alignment fixes the quantization codes ¢/, the corresponding decoded vector zg =
DECODE(c’, I*,u*,b) determines a specific direction in RY (Algorithm [2} line
11). However, the magnitude of zg may not optimally match the magnitude of
the original vector z. The key insight is that, given a fixed direction zg, the
reconstruction that minimizes mean squared error should lie along this direction
at the point closest to z.

Optimal Scaling Scalar. We seek a scalar A* such that the final reconstruction
Z = A"z minimizes the mean squared error:

M\* = argmin ||z — Az ||? (6)
AER

Taking the derivative with respect to A and setting it to zero:
d ~ 2 ~ ~ 2
Iz = Azo[|” = —2(2, 20) + 2)||Zo[|” = 0 (7)

Solving for A yields the optimal scaling scalar:

* <Z’20>
A= ol ®)

The optimal scaling scalar ensures that the final reconstructed vector z =
A*Zg achieves the minimum possible MSE along the direction determined by the
quantization codes (Algorithm [2} line 12). Geometrically, \* scales 2o such that
z is the orthogonal projection of z onto the ray emanating from the origin in
the direction of zy (Figure where the yellow diamond v3 denotes the point
where vg is projected onto the direction of vs).
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Algorithm 3 DalQ Quantization

Input: Centered vector z € R%; bit-width b; clip factor 8; refinement rounds R.
Output: Quantization codes ¢ € {0,...,2° — 1}%; scale s; bias t.

// Step 1: Compute per-vector bounds and apply clipping

I+ minje(q) 255 v ¢ max;eiq 2j; W <+ u—1

I <—l+%W; u* %u—%W

// Step 2: Initial quantization via rounding

[N

3: for j =1toddo

4: 25 < max(l*, min(z;,u"))
L = (R
6: end for

// Step 3: Decomposed vector refinement

7: (¢, \") < DECOMPOSEDVECTORREFINEMENT(Z, ¢, ", u*, b, R)
// Step 4: Compute final scale and bias

e = NI Rl AP

9: return c, s,t

Algorithm 4 DalQ Dequantization

Input: Quantization codes ¢ € {0, ..., 20 — l}d; scale s; bias t.
Output: Reconstructed vector z € R%.

// Dequantize each dimension via affine transformation

1: for j=1toddo
2: ?:‘j —t+cj-s
3: end for
4: return z

3.3 Quantization and Dequantization Procedure

We now present the complete DalQ procedures, integrating distribution-aware
range adaptation and decomposed vector refinement.

Algorithm [3] presents the complete DalQ quantization procedure. The algo-
rithm proceeds in four steps. Step 1 (lines 1-2) computes the per-vector bounds
and applies the clip factor to obtain clipped bounds I*, u*. Step 2 (lines 3-6) per-
forms initial quantization via standard rounding: for each dimension, clip to the
effective range and map to a quantization code. Step 3 (line 7) applies decom-
posed vector refinement via Algorithm [2] which performs directional optimiza-
tion via iterative code search and magnitude optimization via projection-based
scaling, returning the refined codes c and the optimal projection scalar A*. Step
4 (line 8) computes the final scale and bias parameters that incorporate both
the clipped range and the magnitude correction factor. Algorithm [4] presents the
DalQ dequantization procedure. The dequantization procedure is efficient. Each
dimension is reconstructed via an affine transformation 2; = ¢t 4+ ¢; - s (line 2),
where the scale s and bias ¢t were precomputed during quantization. DalQ stores
the following for each vector: (1) quantization codes c: b - d bits; (2) scale s: 4
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bytes (32-bit float); (3) bias t: 4 bytes (32-bit float). The total storage is b-d+ 64
bits.

Distance Computation. DalQ employs a reconstruction-based distance com-
putation approach, which first dequantizes the compressed representation to
reconstruct the approximate vector, then computes distances in the original
floating-point space. Critically, DalQ performs fused decode-and-compute oper-
ations at the register level—low-bit integer codes are decoded directly into CPU
registers, and the resulting floating-point values remain resident in registers for
immediate distance computation, eliminating unnecessary memory writes and
enabling efficient SIMD-based vectorization.

Integration with ANN Indexing Systems. DalQ seamlessly integrates with
ANN indexing systems as a drop-in replacement for LVQ or other scalar quan-
tization methods. During index construction, each data vector x; is quantized
via Algorithm [3] producing a compressed representation (c;, s;,t;) that replaces
the original high-dimensional vector in memory. During query processing, to es-
timate distance between the query and a candidate, the candidate is on-the-fly
dequantized via Algorithm [4] using its stored compressed representation, and the
distance is computed in the original space. The fused decode-compute operations
on compressed quantization codes enable efficient distance computation, thereby
achieving DalQ’s superior recall-QPS trade-offs in practical ANN search tasks.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate on six publicly available large-scale datasets spanning
diverse domains and dimensionalities (Table . These datasets include widely
adopted benchmarks for the evaluation of ANN algorithms [11/10] (DEEP, MSong
and GISTED and embeddings generated by advanced AI models (YouTubeEl,
OpenAI—153(ﬂ and OpenAI—307ﬂ. For the YouTube dataset, we randomly sam-
pled 1 million vectors from the entire collection for evaluation. We exclude 1,000
vectors from each dataset and use them as the query vectors.

Baselines. (1) SQ [8]: The classical scalar quantization method implemented in
Faiss utilizes global min-max bounds. (2) PQ [I7]: A representative codebook-
based method that achieves high compression through subspace quantization.

"https://www.cse.cuhk.edu.hk/systems/hash/gqr/datasets.html

Zhttps:/ /research.google.com /youtube8m/download.html

3https://huggingface.co/datasets/Qdrant /dbpedia-entities-openai3-text-
embedding-3-large-1536-1M

“https://huggingface.co/datasets/Qdrant /dbpedia-entities-openai3-text-
embedding-3-large-3072-1M
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Table 1: Dataset Statistics

Dataset Size Dim Query Size Type
DEEP 1,000,000 256 1000 Image
MSong 994,185 420 1000 Audio
GIST 1,000,000 960 1000 Image
YouTube 1,000,000 1024 1000 Video
OpenAl-1536 1,000,000 1536 1000 Text

OpenAI-3072 1,000,000 3072 1000 Text

(3) LVQ [I]: A state-of-the-art scalar quantization method that employs per-
vector min-max bounds. (4) RaBitQ [10]: A state-of-the-art scalar quantization
method that operates on normalized vectors to achieve high accuracy.

Performance Metrics and Parameter Settings. For quantization accuracy,
we measure mean squared error (MSE) normalized by vector dimensionality:
MSE = L 3" | ||x; — %;||3. For quantization efficiency, we record the time re-
quired to quantize the entire dataset using 12 threads. For distance computation
efficiency, we measure the latency of computing the Euclidean distance between
a raw query vector and a quantized data vector in a single-threaded setting.
For ANNS performance, we measure Recall@100 and queries per second (QPS).
We integrate quantization methods with IVF indexing using FAISS [8]. Follow-
ing common practice [I0], we configure IVF with 4096 clusters and conduct
single-threaded evaluation. In all experiments, we use the default parameters
for DalQ: clip factor 3 = 1 — e~® and refinement rounds R = 4. We do not
apply random rotation as a preprocessing step; all results are therefore obtained
on the original datasets. A systematic evaluation of the impact of random ro-
tation on DalQ’s quantization accuracy and efficiency is left for future work.
All methods were implemented in C++ using AVX-512 SIMD optimization.
Experiments were conducted on a server equipped with 2 AMD EPYC 9554
CPUs, 768 GB RAM, and running Ubuntu 22.04. The source code is available
at https://github.com/zhenghao24/DalQ.

4.2 Quantization Accuracy

We evaluate quantization accuracy by MSE, comparing DalQ against two state-
of-the-art scalar quantization baselines: LVQ and RaBitQ. Experiments are con-
ducted at bit-widths of 1, 2, 4, and 8, which are the most widely adopted settings
in real-world quantization deployments.

As shown in Table 2] DalQ consistently achieves lower MSE than both LVQ
and RaBitQ across all bit-width configurations. Compared to LVQ, the most
substantial gains occur at 1-bit quantization (up to 96.6% reduction), where
range adaptation and decomposed vector refinement work together to handle the
highly constrained bit budget. The improvement decreases steadily as bit-width
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Table 2: MSE comparison. We report absolute MSE values and relative MSE
reduction achieved by DalQ compared to LVQ and RaBitQ.

Method DEEP MSong

b=1 b=2 b=4 b=8 b=1 b=2 b=4 b=8
LvQ 6.0e—3 4.0e—4 1.6e—5 5.5e—8 1.0el 6.2e—1 3.2e—2 1.le—4
RaBitQ 1.4e—3 1.9e—4 1.7e—5 6.1e—8 7.2e—1 3.2e—1 3.8e—2 1.Te—4
DalQ 5.0e—4 1.6e—4 1.4e—5 5.5e—8 4.le—1 2.0e—1 2.5e—2 1.le—4
vs. LVQ (%) 91.8 60.1 14.2 0.7 96.0 67.5 20.9 0.5
vs. RaBitQ (%) 63.4 16.0 20.0 10.0 43.6 38.1 32.9 36.3
Mothod GIST YouTube

b=1 b=2 b=4 b=8 b=1 b=2 b=4 b=8
LvQ 5.7e—3 4.5e—4 1.9e—5 6.7e—8 6.9e—1 4.4e—2 1.7e—3 6.0e—6
RaBitQ 9.6e—4 1.6e—4 2.le—5 1.1le—7 1l.le—1 1.5e—2 1.3e—3 6.6e—6
DalQ 4.0e—4 1.5e—4 1.5e—5 6.7e—8 4.le—2 1.3e—2 1.3e—3 6.0e—6
vs. LVQ (%) 93.0 66.4 24.9 0.1 94.2 69.7 27.2 0.3
vs. RaBitQ (%) 58.5 7.9 29.2 38.4 63.1 11.5 4.6 8.9
Method OpenAI-1536 OpenAI-3072

b=1 b=2 b=4 b=8 b=1 b=2 b=4 b=8
LvVQ 9.1e—4 5.7e—5 2.2e—6 7.6e—9 2.4e—3 1.5e—4 5.4e—6 1.9e—8
RaBitQ 1.3e—4 1.8e—5 1.5e—6 8.4e—9 2.1le—4 3.3e—5 3.2e—6 2.1e—8
DalQ 4.8e—5 1.6e—5 1.5e—6 7.6e—9 8.3e—5 2.9e—5 3.2e—6 1.8e—8
vs. LVQ (%) 94.8 72.1 30.0 0.3 96.6 80.2 40.7 0.7

vs. RaBitQ (%) 62.9 11.4 1.6 9.1 60.1 10.6 0.5 10.4

increases, declining from over 90% at 1 bit to below 1% at 8 bits. We attribute
this trend to two factors: first, the optimal clip factor approaches 1 at higher bit-
widths, rendering range adaptation less effective; second, the per-vector bounds
in LVQ already yield high quantization accuracy at wider bit-widths, leaving lim-
ited room for decomposed vector refinement to further improve upon. Compared
to RaBitQ, DalQ achieves up to 63.4% MSE reduction at 1 bit and maintains a
consistent advantage across all bit-width settings. Notably, at 8 bits, both LVQ
and DalQ outperform RaBitQ, indicating that the use of per-vector quantization
ranges becomes increasingly advantageous over fixed-range methods at higher
bit-widths. Overall, the results demonstrate that DalQ achieves state-of-the-art
quantization accuracy among existing scalar quantization methods.

4.3 Quantization Efficiency

Table [3| reports the encoding time (in seconds) for each dataset at different bit-
widths. Both LVQ and DalQ take roughly the same time to encode, regardless of
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Table 3: Quantization time (in seconds) of different methods across datasets with
varying dimensionalities. Speedup denotes the speedup of DalQ over RaBitQ.

Method DEEP MSong OpenAl-1536 OpenAlI-3072
B=2B=4B=8B=2B=4B=8B=2B=4B=8B=2B=4B=28
LvQ 0.2 0.3 0.3 0.5 0.5 0.6 2.3 2.5 2.6 4.1 4.3 4.4
RaBitQ 1.6 3.1 107 3.1 5.7 189 11.3 232 703 24.4 41.9 167.9
DalQ 0.5 0.6 0.6 0.9 1.1 1.2 3.5 3.8 3.7 6.1 6.4 6.5

Speedup 3.2x 5.2x 17.8x 3.4x 5.2x 15.8x 3.2x 6.1x 19.0x 4.0x 6.5x 25.8X

bit-width. DalQ is slightly slower than LVQ due to the extra decomposed refine-
ment step. In contrast, RaBitQ’s encoding time grows sharply with bit-width,
reaching 167.9 s on OpenAI-3072 at B = 8, compared to only 6.5s for DalQ. As a
result, DalQ’s speedup over RaBitQ grows with bit-width, reaching up to 25.8x
on OpenAI-3072 at B = 8. The combination of near-LVQ efficiency and superior
accuracy makes DalQ particularly attractive for large-scale deployment scenarios
where both quantization quality and computational efficiency are critical.

4.4 Distance Computation Efficiency

We measure the time to compute the Euclidean distance between one query
vector and one quantized data vector. For each dataset, we sample 10,000 data
vectors and 10 query vectors and report the average time per pair. LVQ is ex-
cluded because it uses the same computation strategy as DalQ and achieves
similar speed. Since the computation time is nearly the same across bit-widths
for both methods, Table[4] reports results under 8-bit quantization. DalQ outper-
forms RaBitQ in distance computation across all datasets, achieving speedups
of up to 3.2x. The speedup comes from DalQ’s fused decode-and-compute de-
sign: integer codes are decoded directly into registers and used immediately for
distance computation, avoiding extra memory accesses. RaBitQ uses a stepwise
decomposition approach that requires more intermediate operations, and the
overhead grows with vector dimensionality.

Table 4: Euclidean distance computation time (in nanoseconds) under 8-bit
quantization. Speedup denotes the speedup of DalQ over RaBitQ.

Method DEEP MSong GIST YouTube OpenAl-1536  OpenAlI-3072

RaBitQ 67 85 122 131 189 323
DalQ 21 30 55 58 92 158

Speedup 3.2x 2.8x 2.2x 2.3x 2.1x 2.0x
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4.5 ANNS Performance

We evaluate DalQQ’s Approximate Nearest Neighbor Search (ANNS) performance
by measuring the recall-QPS trade-off when integrated with standard IVF in-
dexing systems. As depicted in Figure [ under 8-bit quantization across four
datasets, DalQ consistently outperforms baselines including SQ, PQ, and LVQ.
Compared to the state-of-the-art RaBitQ, DalQ demonstrates highly com-
petitive overall ANNS performance. At moderate recall levels (< 90%), DalQ
achieves a higher QPS, while the performance of the two methods converges as
the target recall increases. This behavior stems from their distinct algorithmic
designs: DalQ employs a dimensional pruning strategy that utilizes leading di-
mensions for distance estimation, whereas RaBit(Q) achieves more effective prun-
ing based on distance estimations derived from single-bit quantization. Neverthe-
less, DalQ bridges this pruning gap through vastly superior distance computation
speeds. Furthermore, DalQ’s quantization process is tens of times faster, making
it well-suited for end-to-end scenarios that demand rapid index construction and
high throughput, such as real-time streaming ingestion, on-the-fly indexing, and
massive-scale database updates. For example, during an end-to-end ANN search
on the openai-1536 dataset, DalQ can process over 740,000 queries on a single
thread before RaBitQ even begins to respond. These results also indicate that
further optimizing DalQ’s pruning strategy is a promising research direction.

-e=SQ —= PQ —a= LVQ --v-- RaBitQ —— DalQ
OpenAl-1536 OpenAl-3072

10‘\ . . ' . g g ' ' . . . ' . . . " .
06 07 08 09 0 06 07 08 09 1.0 06 07 08 09 0 06 07 08 09 1.0
Recall@100 Recall@100 Recall@100 Recall@100

Fig.4: ANNS performance under 8-bit quantization. Curves closer to the top-
right corner demonstrate better performance.

4.6 Characterization of Clip Factor

We characterize the optimal clip factor 5*(b) across six benchmark datasets
for b € [1, 8] using the adaptive search algorithm (see supplementary material).
Figure [5] shows the measured optima and fitted curves.

Sigmoid Characterization and Dimensionality Effect. On all six datasets,

B*(b) is well described by a sigmoid curve: 8*(b) ~ et T & (R* >
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Fig. 5: Empirical optimal clip factors (data points) and fitted curves. The black

dashed curve represents the reference formula Bres = 1 — e~ °.

0.98), exhibiting a three-phase behavior: small values at low b (aggressive clipping
compensates for coarse quantization), a smooth transition region, and satura-
tion at large b (finer quantization steps render aggressive clipping unnecessary).
Furthermore, for a fixed bit-width, higher-dimensional datasets consistently yield
smaller 5*(b), as higher dimensionality stabilizes per-vector distributional statis-
tics and supports stronger range reduction.

Reference Factor. We further identify a reference curve frof = 1 — e~ that
lies above all measured optima on all six datasets, providing a safe, tuning-free
default for deployment.

5 Related Work

5.1 Vector Quantization

Product Quantization and Variants. PQ [I7] decomposes vectors into sub-
spaces and quantizes each independently via learned codebooks, enabling asym-
metric distance computation and favorable recall-efficiency trade-offs. Subse-
quent methods extend this foundation: OPQ [I3] learns rotation matrices to
minimize quantization error; AQ [3] represents vectors as sums of multiple code-
words for finer approximations; and LSQ++ [20] combines multiple codebooks
with locally-adaptive scaling. Despite their high compression ratios, all these
methods share a common bottleneck: expensive codebook training, memory-
intensive storage, and table-lookup-based distance computation create scalabil-
ity barriers in large-scale deployments.

Scalar Quantization and Variants. SQ quantizes each dimension indepen-
dently without codebook learning, offering significant practical advantages over
PQ-based methods: no training overhead, no codebook storage, and efficient
SIMD-based distance computation without table lookups. Classical SQ [8] com-
putes dataset-wide bounds but underutilizes quantization ranges for individ-
ual vectors. LVQ [I] introduces a per-vector quantization range by comput-
ing individual bounds for each vector, thereby improving range utilization. Ra-
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BitQ [11/10] introduces an unbiased estimator and achieves asymptotically opti-
mal error bounds, but suffers from poor quantization efficiency at high bit-widths
and limits distance computation to Euclidean distance and inner product only.

5.2 Approximate Nearest Neighbor Search

Approximate nearest neighbor (ANN) search [1523] is a fundamental problem
in high-dimensional data management, with applications spanning recommenda-
tion systems [I215], information retrieval [26121], and retrieval-augmented gener-
ation [I8]. Existing ANN approaches fall into several families: tree-based meth-
ods [6], hashing-based methods [7l25], graph-based methods [I9)2], and subspace-
based methods [24]. Modern vector database systems [22/14] integrate these in-
dexing structures with quantization-based compression to enable billion-scale
similarity search with memory efficiency.

6 Conclusions

In this paper, we presented DalQ (Distribution-aware locally-adaptive Quanti-
zation), a vector quantization method that achieves high accuracy and compu-
tational efficiency through distribution-aware range adaptation and decomposed
vector refinement. Extensive experiments across diverse large-scale benchmarks
demonstrate that DalQ consistently outperforms existing baselines in both com-
pression quality and efficiency. As a drop-in replacement for vector quantization,
DalQ integrates seamlessly with standard ANN indexing frameworks, making it
well-suited for large-scale production deployments.
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