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ABSTRACT

Approximate :-nearest neighbor (AKNN) search is a fundamental

problem with wide applications. To reduce memory and accelerate

search, vector quantization is widely adopted. However, existing

quantizationmethods either rely on codebooks—whose query speed

is limited by costly table lookups—or adopt dimension-wise quanti-

zation, whichmaps each vector dimension to a small quantized code

for fast search. The latter, however, su�ers from a �xed compression

ratio because the quantized code length is inherently tied to the

original dimensionality. To overcome these limitations, we propose

MRQ , a new approach that integrates projection with quantiza-

tion. The key insight is that, after projection, high-dimensional

vectors tend to concentrate most of their information in the leading

dimensions. MRQ exploits this property by quantizing only the

information-dense projected subspace—whose size is fully user-

tunable—thereby decoupling the quantized code length from the

original dimensionality. The remaining tail dimensions are captured

using lightweight statistical summaries. By doing so, MRQ boosts

the query e�ciency of existing quantization methods while achiev-

ing arbitrary compression ratios enabled by the projection step.

Extensive experiments show thatMRQ substantially outperforms

the state-of-the-art method, achieving up to 3× faster search with

only one-third the quantization bits for comparable accuracy.
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1 INTRODUCTION

The :-Nearest Neighbor (KNN) search for vectors is critical to

many applications, including recommendation systems [59], in-

formation retrieval [50], and Retrieval-Augmented Generation for
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Large Language Models [47]. However, the curse of dimensional-

ity [40] renders exact KNN search computationally expensive in

high-dimensional space. This has led to growing interest in approx-

imate KNN (AKNN) search [12, 14, 17, 23–25, 27, 30, 34, 37, 39, 42,

56, 60, 63, 69, 71, 73, 75, 77], which trades o� a small amount of ac-

curacy for substantially improved e�ciency in large-scale settings.

Quantization. The vectors used in AKNN search are typically

stored in �oating-point format, making large-scale in-memory

storage expensive. To mitigate this, quantization has become a

widely adopted technique for reducing storage overhead [35, 55].

Prominent quantization methods include Binary Quantization

(BQ) [28, 33, 46, 48, 58], Scalar Quantization (SQ) [2, 26, 76], Prod-

uct Quantization (PQ) [2–4, 7, 15, 29, 45, 54, 64, 70], and Additive

Quantization (AQ) [7, 8, 10, 72]. These methods can be broadly

grouped into two families based on their encoding strategies. (1)

Codebook-Based Quantization.Methods such as PQ, AQ, and

their variants [8, 64, 72] learn a set of representative vectors (code-

words), collectively referred to as a codebook. Each original vector

is then approximately represented as a composition of codewords.

These methods o�er �exible compression ratios through con�g-

urable codebook sizes. Yet, they rely on lookup tables and codeword

aggregation for distance computation during AKNN search, which

can become a computational bottleneck without specialized opti-

mizations [3]. (2) Dimension-Wise Quantization. Methods such

as BQ and SQ quantize each vector dimension independently. For

example, BQ converts each dimension to a single bit, while SQ

transforms the numeric format of each dimension (e.g., from a 32-

bit �oat to an 8-bit or 4-bit integer). These methods achieve very

high query e�ciency as they avoid codeword lookups required by

codebook-based approaches.

Motivations. As con�rmed by recent studies, dimension-wise

quantization methods signi�cantly outperform codebook-based

approaches in both e�ciency and accuracy [1, 2, 26, 28]. Owing to

their strong empirical performance, they have beenwidely deployed

in large-scale data science applications and systems [21, 43, 44, 75].

Their speed advantage primarily arises from their Single Instruc-

tion, Multiple Data (SIMD)–friendly design—leveraging low-level

instructions such as POPCNT and AVX-int8—as well as bene�cial

geometric properties like unbiased inner-product estimation.

However, a key limitation of dimension-wise quantization is its

restricted compression ratio. Because these methods quantize each

original dimension independently, the length of the quantized code

remains tied to the original vector dimensionality. For example, the
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state-of-the-art dimension-wise method RabitQ [28] requires the

length of the quantized code to exactly match the dimensionality

of the original vector. This in�exibility introduces two major issues:

(1) users cannot achieve higher compression ratios, which is prob-

lematic for large-scale datasets that may still exceed main-memory

capacity even after quantization; and (2) users cannot reduce the

number of quantization bits to improve e�ciency. In addition, a

�xed code length may misalign with SIMD bit-widths, leading to

suboptimal performance.

Our Solution. To summarize, existing quantization methods either

su�er from slow query performance or impose a �xed compression

ratio as the code length is tied to the original dimensionality. This

raises a natural question: Can we retain high-performance quantiza-

tion while avoiding the constraints of a �xed compression ratio? We

argue that a principled integration of projection and quantization

provides a compelling answer. Our key insight is grounded in an

empirical analysis of modern high-dimensional vector embeddings:

after applying an information-aware projection such as PCA, the

per-dimension variance exhibits a pronounced long-tailed distribu-

tion (see Fig. 2). This reveals that most information is concentrated

within a low-dimensional subspace, motivating di�erentiated treat-

ment of projected dimensions during quantization.

Building on this observation, we propose our method MRQ

(Minimized Residual Quantization). MRQ �rst projects the orig-

inal vector into a prede�ned number of dimensions, forming a

projected vector, while the remaining dimensions constitute the

residual vector. For the projected vector—which captures most

of the variance—we apply RabitQ [28]-style quantization, but ex-

tended to support arbitrary bit lengths. For the residual vector, we

introduce a key innovation: instead of storing it directly, we model

its distance contribution using lightweight statistics (e.g., variance).

This enables accurate distance estimation with bounded error, fur-

ther prunes the residual dimension during distance computation.

By combining the quantized projected vector with the residual

component, MRQ performs multi-stage distance computation to

ensure e�cient and accurate AKNN search. The process starts with

fast, lightweight estimation and progressively re�nes the result us-

ing more accurate, but costlier, computations. Fig. 1 illustrates this

process. Crucially,MRQ supports an arbitrary compression ratio

for quantization—unlike prior work—while still ensuring accuracy

through the use of error bounds for re-ranking.

Contributions.Our main contributions are summarized as follows:

A Flexible Quantization Mechanism. To address the limitation of the

dimension-wise quantization methods (especially the state-of-the-

art method RabitQ [28]), which enforces a �xed compression ratio,

we are the �rst to systematically analyze and exploit the long-tailed

variance distribution of high-dimensional data after projection ro-

tation. This insight underpins a novel AKNN search method that

seamlessly integrates projection and quantization.

A Novel Distance Computation Framework.We design a multi-stage

distance computation framework that asymmetrically handles pro-

jected and residual components (see Fig. 1). It combines distance

estimation and error bounds derived from both components for

e�cient and accurate AKNN search.

E�cient Implementation.We incorporate our multi-stage distance

computation into a highly optimized IVF-based index. This design
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Figure 1: Work�ow ofMRQ. After projection, both base and query

vectors are split into projected and residual components.MRQ per-

forms distance computation in three stages: (1) The projected vectors

are quantized with arbitrary bit lengths, enabling fast distance es-

timation with error bounds for re-ranking. (2) For higher accuracy,

the original projected vectors replace the quantized ones, yielding

more precise distances while retaining the error bounds. (3) If exact

computation is needed, the full vector (projected + residual) is used.

leverages custom memory layouts and approximation strategies to

improve cache locality and dramatically reduce index construction

time, ensuring scalability to large-scale datasets.

Extensive Experimental Evaluation. We conduct comprehensive

evaluations on real-world datasets, benchmarking against strong

baselines including the graph-based method HNSW and the

quantization-based method RabitQ. Our method consistently out-

performs existing approaches, achieving up to a 3× improvement

in search e�ciency while preserving comparable accuracy.

Due to space limitations, some discussions and experiments are

omitted here and can be found in the technical report [67].

2 PRELIMINARY AND RELATED WORK

Section 2.1 introduces the AKNN search problem and reviews ex-

isting AKNN methods. Section 2.2 presents vector quantization

techniques for reducing space overhead.

2.1 AKNN Search and Methods

Given a database ( of = vectors/points in �-dimensional Euclidean

space R� and a query point @ ∈ R� , the problem of KNN search

is to retrieve the top : points in ( closest to @ under the Euclidean

distance. Due to the prohibitive cost of exact KNN search in high-

dimensional spaces [40], recent e�orts have focused on approximate

KNN (AKNN) methods. A common metric for evaluating AKNN

accuracy is Recall@K, de�ned as the proportion of true nearest

neighbors successfully retrieved: Recall@: =
|)∩� |
|� | where ) is the

set returned by the AKNN method, and� is the set of ground-truth

KNN for the query @.

The goal of AKNNmethods is to achieve high recall withminimal

computational cost. In the past decades, a variety of AKNNmethods

have been proposed, which can be broadly categorized into four

classes: (1) hashing-based methods [17, 19, 25, 27, 30, 31, 38, 39,

60, 61, 73], (2) inverted-�le (IVF)-based methods [3, 7, 9, 28, 29,

33, 36, 45, 64, 72], (3) tree-based methods [6, 11, 16, 20], and (4)

graph-based methods [6, 6, 14, 23, 24, 37, 41, 51–53, 57, 62, 63, 65].

This paper focuses on IVF- and graph-based methods, which build
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specialized indexes to accelerate the search and achieve state-of-

the-art performance.

IVF-based methods �rst partition points in database ( using cluster-

ing algorithms such as :-means to obtain cluster centroids. Each

data point is then assigned to its nearest centroid. During query,

we identify a small number of centroids closest to the query and

search only the associated clusters to retrieve the top-: results.

Graph-based methods construct an index by modeling the high-

dimensional data points as nodes in a graph, where edges connect

each node to its nearby neighbors. This results in a navigable small-

world graph structure. At query time, the search starts from an entry

node and iteratively traverses toward nodes that are progressively

closer to the query.

To reduce space cost, these methods often adopt quantiza-

tion techniques, as storing original �oat-type vectors is memory-

intensive. Also, re-ranking strategies are employed to improve

search accuracy, since distance computations based on quantized

vectors are inherently approximate.

2.2 Quantization Techniques

Quantization compresses high-dimensional vectors into compact

codes to reduce storage cost and improve search e�ciency. Based

on their encoding strategy, existing methods can be broadly cate-

gorized into codebook-based and dimension-wise approaches.

Codebook-Based Quantization. These methods approximate vec-

tors using a �nite set of representative centroids (i.e., codewords).

For example, PQ [3, 36, 64] decomposes a high-dimensional space

into multiple low-dimensional subspaces and performs clustering

within each subspace. Variants such as Optimized PQ (OPQ) [29, 45]

and Additive Quantization (AQ) [7, 10] further reduce quantization

error through orthogonal rotations or additive code composition.

These methods o�er �exible compression ratios (controlled by the

number of subspaces and codebook size). However, they su�er from

a fundamental e�ciency bottleneck: distance computation involves

table lookups (random memory access) and �oating-point addi-

tions, which are di�cult to fully accelerate using SIMD instructions

compared with bitwise operations. Although hardware-aware opti-

mizations (e.g., 4-bit PQ with AVX-512 [3]) improve performance,

they typically impose strict constraints on codebook sizes or incur

severe accuracy degradation [28].

Dimension-Wise Quantization. These methods quantize each

dimension of a vector independently, mapping continuous val-

ues to discrete integers or bits. For example, Scalar Quantization

(SQ) [1, 2, 22, 26, 76] typically maps float32 values to int8 and

leverages low-precision AVX-512 instructions for e�cient computa-

tion. Binary Quantization (BQ) [13, 28] further pushes this idea by

mapping each dimension to a single bit, enabling ultra-fast distance

computation using bitwise operations (e.g., POPCNT). The state-of-

the-art RabitQ [26, 28] improves accuracy by introducing an unbi-

ased estimator and error bounds for e�cient re-ranking. However,

all dimension-wise encoding methods su�er from a �xed-ratio con-

straint: the code length is rigidly tied to the original dimensionality

(e.g., a 960-dimensional vector produces a 960-bit binary code). This

in�exibility prevents users from tuning the compression ratio to

meet memory budgets or from aligning code lengths with hardware

register widths for optimal SIMD performance.
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Figure 2: Variance Distribution of Vectors After PCA

3 PROBLEM ANALYSIS AND OBSERVATION

This section reiterates the limitations of existing methods and then

presents our key observation that motivates the design of MRQ .

3.1 Problem Analysis

Existing dimension-wise quantization methods cannot achieve �exi-

ble compression ratios because they must quantize every dimension

of the original vectors. A straightforward idea to improve the com-

pression ratio is to truncate or randomly drop some dimensions

of the original vectors. For example, consider an original vector

in float32 format: under binary quantization, achieving a 128×
compression ratio would require discarding roughly 75% of its di-

mensions. However, such naive truncation introduces severe bias in

distance estimation, which in turn leads to signi�cant degradation

in AKNN search accuracy. This raises two natural questions: (1)

can we minimize the information loss caused by discarding residual

dimensions, and (2) can we still extract useful information from the

discarded residual dimensions to further improve accuracy?

3.2 Observation

To bene�t from the signi�cant space reduction o�ered by quantiza-

tion methods while overcoming the limitation of a �xed compres-

sion ratio, we present the following observation that motivates the

development of our new approach.

Variance Distribution Analysis.We begin our analysis with vec-

tor data held in vector databases. These data typically comprise

high-dimensional embeddings—often exceeding 1,000 dimensions—

derived from neural networks for audio, image, and text repre-

sentations. After applying PCA, we observe that the variance

distribution of the vector data exhibits a long-tailed pattern.

Example 1. We present the observation in Fig. 2. After applying

PCA to the text embeddings generated by the OpenAI-1536 model, we

observe that the �rst 512 dimensions capture nearly 90% of the total

variance, while the remaining 1000 dimensions account for only 10%.

A similar trend is observed in other data: for image embeddings from

the DEEP dataset, only 128 PCA dimensions are su�cient to retain

90% of all the variance.

From an information-theoretic perspective, higher variance in

a dimension indicates greater information content. Consequently,

only a small number of dimensions are required to preserve most

of the information in the original vector. This suggests that treating

all dimensions equally during quantization—such as by randomly

dropping or truncating them—is suboptimal compared to using

PCA, which more e�ectively reduces information loss. Recent stud-

ies [18, 68] have analyzed PCA also minimizes the variance of the
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Figure 3: The Example of Vector Split and Quantization

residual dimension, and lower variance in the residual dimensions

leads to a smaller mean squared error (MSE) when projecting to a

lower-dimensional space. Therefore, given their limited informa-

tion content and low contribution to reconstruction error, these

residual dimensions can be safely discarded during quantization.

Beyond the vector quantization, we observe that the residual part

still carries useful information for improving AKNN search accu-

racy. In particular, the norm of the residual can be integrated with

the projection part to obtain a more accurate distance estimate,

while the variance of the residual provides error bounds for dis-

tance approximation. In summary, focusing on the high-variance

components after PCA not only (1) o�ers a �exible way to discard

dimensions while minimizing information loss, but also (2) enables

the use of residual statistics for further re�nement.

4 OUR QUANTIZATION METHOD

Based on the above observation, we propose a novel quantization

method,MRQ (Minimized Residual Quantization). In Section 4.1,

we present our vector decomposition strategy, which enables user-

controllable compression ratios. In Section 4.2, we introduce a multi-

stage distance computation scheme to ensure high AKNN accuracy.

4.1 Vector Decomposition

The observation of variance distribution reveals that after applying

PCA to vectors in a dataset, only a small number of dimensions

retain most of the information. This motivates us to treat the high-

variance dimensions di�erently by applying quantization only to the

projected vectors in this informative subspace. Fig. 3 describes this

insight. Importantly, the number of retained dimensions is fully

user-controlled, enabling a �exible compression ratio.

Speci�cally, consider a vector dataset ( consisting of # points

in a �-dimensional Euclidean space R� . Each vector x ∈ ( can be

projected into a lower-dimensional space of dimension 3 (where

3 < �) using an orthogonal matrix R, i.e., x3 = Rx. The exact

squared Euclidean distance 38B between a database vector x and a

query vector q can then be expressed as:

38B = | |x − q| |2 = | |x3 − q3 | |2 + ||xA − qA | |2 (1)

where xA is the residual part (A +3 = �). We then apply a quantiza-

tion method (with state-of-the-art method RabitQ as the example)

q
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Normalized xd  : xb

Normalized qd  : qb

||xd - c||
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Figure 4: The Example of Vector Decomposition

to the projected vector x3 . Speci�cally, similar to RabitQ, we �rst

normalize and center the vectors after projection. Let c denote the

centroid of the projected data x3 . The normalized projected vector

is de�ned as x1 ≔
x3 −c
∥x3 −c∥ , and the query vector is similarly normal-

ized as q1 ≔
q3−c
∥q3−c∥ . After normalization, the projected distance

∥x3 − q3 ∥2 can be expressed in terms of the inner product and

vector norms, as formally de�ned below.

| |x3 − q3 | |2 = | |x3 − c| |2 + ||q3 − c| |2

− 2 · | |x3 − c| | · | |q3 − c| | · ⟨x1 , q1⟩
(2)

Note that the inner-product term ⟨x3 , q3 ⟩ can be approximated

by quantizing ⟨x1 , q1⟩ using methods such as RabitQ, yielding a

3-bit binary representation. By precomputing the norms and other

components in Equation 2, the distance within the projected sub-

space can be e�ciently calculated. For the residual component

| |xA − qA | |2, it can be decomposed as | |xA | |2 + ||qA | |2 − 2 · ⟨xA , qA ⟩.
Incorporating this into Equation 2 yields the �nal formulation for

computing the overall distance.

| |x − q| |2 = | |x3 − c| |2 + ||q3 − c| |2 + ||xA | |2 + ||qA | |2

− 2 · | |x3 − c| | · | |q3 − c| | · ⟨x1 , q1⟩ − 2 · ⟨xA , qA ⟩
(3)

Example 2. Fig. 4 illustrates an example of Equation 3. We �rst

apply PCA to transform the original vectors x and q, yielding their

projected components x3 , q3 and residual components xA , qA . The

projected components are then normalized and quantized to compute

the inner product ⟨x1 , q1⟩, while the residual components can be

precomputed to account for the residual distance term.

Remark. Equation 3 shows that we only need to quantize the pro-

jected vectors x3 and q3 into x1 and q1 , while leaving the residual

vectors xA and qA untouched. This allows the quantization process

to be �exible, as the projection dimension 3 is user-controllable.

4.2 Multi-Stage Distance Computation

After vector decomposition, we focus on computing distances for

AKNN search. Given the quantized distance in Equation 2 and the

overall distance formulation in Equation 3, we now elaborate on

the multi-stage distance computation (as illustrated in Fig. 1).
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Overview. Speci�cally, we de�ne three components of the distance

in Equation 3: (1) The norm component: �1 ≔ | |x3 − c| |2 + ||q3 −
c| |2 + ||xA | |2 + ||qA | |2; (2) The quantized component: �2 ≔ −2 ·
| |x3 − c| | · | |q3 − c| | · ⟨x1 , q1⟩; and (3) The residual component:

�3 ≔ −2 · ⟨xA , qA ⟩. From an e�ciency perspective, the norms of

the base vector, i.e., | |x3 − c| | and | |xA | |, can be precomputed and

stored. Consequently, computing �1 at query time only requires

calculating | |q3 − c| | and | |qA | |, which are computed once per query.

With all norms precomputed, the remaining computation reduces

to evaluating the inner products ⟨x1 , q1⟩ and ⟨xA , qA ⟩.
As shown in Fig. 1, the multi-stage computation proceeds as

follows. Stage (1) estimates the distance using the quantized in-

ner product ⟨x1 , q1⟩ (details provided below). This approximation

supports e�cient �ltering: if the estimated distance is already too

large, the candidate is discarded. Otherwise, we proceed to Stage (2),

where we re-rank candidates using the original projected inner

product ⟨x3 , q3 ⟩, which can be computed directly. If even higher

precision is required, Stage (3) computes ⟨xA , qA ⟩ to obtain the exact

distance. In what follows, we focus on Stage (1)—distance estimation

via the quantized inner product ⟨x1 , q1⟩ and the use of error bounds
for re-ranking, as Stages (2) and (3) follow the same reasoning.

Distance Estimation. The next question is how to estimate the

quantized inner product ⟨x1 , q1⟩ for distance approximation. Note

that ⟨x1 , q1⟩ is the inner product between two normalized vectors,

where q1 ≔
q3 −c
|q3 −c | and x1 ≔

x3−c
|x3−c | . To estimate this inner product,

we follow the design of RabitQ to obtain the quantized representa-

tion of an arbitrary vector x. Speci�cally, RabitQ implicitly de�nes

a codebook C ≔

{
− 1√

�
,+ 1√

�

}�
, and seeks the closest vector %D to

x, where % is a random orthogonal matrix and D ∈ C. The vector x
is then encoded using the signs (positive or negative) of the entries

in D, yielding the dimension-wise quantized code x̄1 of x1 . RabitQ

provides an e�cient procedure to obtain these signs without ex-

plicitly constructing the vector D, which makes the encoding highly

e�cient. The inner product ⟨x1 , q1⟩ is then approximated using the

following unbiased estimator:
⟨x̄1 , q1 ⟩
⟨x̄1 , x1 ⟩ .

Using this estimator for ⟨x1 , q1⟩, the remaining term in the dis-

tance computation is ⟨xA , qA ⟩. Both empirical evidence and theo-

retical analysis indicate that the residual component contributes

minimally to the total distance. Therefore, we can omit the residual

inner product and obtain the �nal approximate distance:

38B′ = | |x3 − c| |2 + ||q3 − c| |2 + ||xA | |2 + ||qA | |2

− 2 · | |x3 − c| | · | |q3 − c| | · ⟨x̄1 , q1⟩ /⟨x̄1 , x1⟩
(4)

A key advantage of MRQ is that the computation of the in-

ner product ⟨x̄1 , q1⟩ is highly amenable to hardware acceleration.

Since the projection dimension 3 can be chosen to match SIMD

vector widths (e.g., 128, 256, or 512 bits), we can ensure optimal

instruction throughput. The binary codes x̄1 can then be processed

e�ciently using SIMD instructions (e.g., POPCNT on AVX2/AVX-512

registers), which are subsequently mapped to inner-product values.

This stands in contrast to methods whose code length is tied to the

original vector dimensionality, which may not align with SIMD

widths and thus result in suboptimal performance.

Error Bounds for Re-Ranking. Note that for the re-ranking step

introduced in Fig. 1, we estimate a lower bound on the distance

between a data point x and the query q, and check whether this

bound exceeds the current top- threshold (i.e., the distance to

the  -th nearest neighbor found so far). If so, the candidate can be

safely pruned. Otherwise, a more accurate distance computation is

required, and we need to proceed to the second and third stages of

the distance estimation process (see Fig. 1).

We now analyze the error in approximate distance computation,

de�ned as the gap between the true distance 38B and the estimated

distance 38B′. This error arises from two sources: (1) quantization

of the inner product ⟨x1 , q1⟩ introduces quantization error n@ , and

(2) omission of the residual dimensions leads to residual error nA .

Fortunately, due to the decorrelation introduced by PCA-based

rotation, each dimension becomes approximately independent. This

allows us to analyze n@ and nA separately. (1) n@ Part.The con�dence

interval of the estimator
⟨x̄,q⟩
⟨x̄,x⟩ is given by [28]:

P

⎧⎪⎪⎨
⎪⎪⎩

����
⟨x̄, q⟩
⟨x̄, x⟩ − ⟨x, q⟩

���� >

√
1 − ⟨x̄, x⟩2

⟨x̄, x⟩2
· n0√

� − 1

⎫⎪⎪⎬
⎪⎪⎭
≤ 24−20n

2
0 (5)

where n0 is a tunable parameter controlling the failure probability,

and 20 is a constant [28]. (2) nA Part. For the residual inner product

⟨xA , qA ⟩, PCA ensures minimal variance in the residual dimensions.

A natural approach is to use this variance to bound the error. Let

f8 denote the standard deviation of the 8-th dimension of x, then

the variance of ⟨xA , qA ⟩ can be expressed as:

f2 =+0A (⟨xA , qA ⟩) =
8≤�∑

8=3+1
q28 f

2
8 (6)

Assuming the data is centered (i.e., x has zero mean), we can then

apply Chebyshev’s inequality to bound this residual error, that

is, P( | ⟨xA , qA ⟩ | ≥ <f) ≤ 1

<2 . Since the quantization and residual

errors are independent, their bounds can be combined additively to

provide an overall error bound forMRQ in distance computation.

5 INTEGRATEWITH EXISTING METHOD

Our quantization methodMRQ provides an e�ective way to com-

pute distances, but it is always integrated with existing AKNN

search methods for practical deployment. As an example, we imple-

ment and integrateMRQ with IVF-based methods, owing to their

relatively simple implementation and compact index size.

5.1 Preprocessing Process

We �rst examine the implementation ofMRQ and its integration

with the IVF-based indexing structure. Note that IVF partitions the

dataset into disjoint clusters, each represented by a centroid that

serves as the index entry. The overall preprocessing procedure is

summarized in Algorithm 1.

Algorithm. We �rst apply PCA to project the original data into

a lower-dimensional space and obtain the variance of the residual

dimensions via eigenvalue decomposition (Lines 1–2). Next, we

rotate the original dataset ( and compute the norm of the residual

vectors (Lines 3–4). We then construct the IVF index using the

projected vectors (Line 5). The projected vectors are subsequently

quantized using amethod similar to RabitQ, where the IVF centroids

can also serve to centralize the projected data (Lines 7–8). Note that
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Algorithm 1:MRQ Preprocessing

Input: The database raw vector set ( and quantization bit 3
Output: The IVF index I; The PCA matrix %? ; The random matrix %A ; The

quantization code; The pre-compute results of | |x3 − c | | , | |xA | | and
⟨x̄, x⟩; The residual variance f8

1 Train PCA matrix %? with database vector set ( ;

2 Derive residual variance f8 from PCA training process;

3 Rotate x ∈ ( with %? by x? = %?x;

4 Compute the residual vector norm | |xA | | from x? ;

5 Take the �rst 3-dimension of x? and get x3 ;

6 Train IVF centroids c3 and index x3 to get I;
7 Normalized x3 and quantized to x̄3 with random matrix %A ;

8 Compute | |x3 − c3 | | and ⟨x̄, x⟩;

Algorithm 2:MRQ Query

Input: The query vector q; Index I; #=?A>14 ; Quantized vector x̄3 ; Matrix
%? , %A ; PCA data x? ; Error bound parameter n0 and<; The

pre-compute results of | |x3 − c | | , | |xA | | and ⟨x̄, x⟩; The residual
variance f8

Output: The K nearest neighbor of q
1 Rotate query vector with PCA matrix q? = %?q;

2 Take �rst 3 dimension of q? as q3 and rest as qA ;

3 Compute residual variance f by Equation (6) with qA and f8 ;

4 Normalized and random rotate q3 by %A to obtain q′
3
;

5 Quantized query q′
3
to q̄;

6 Result& ← ∅;
7 for each �� ∈ I in top # ?A>14 centroid to q3 do
8 Compute the approximate distance 38B′ based on Equation 4; // MRQ

9 g ← threshold of result queue& ;

10 n1 ← RabitQ error with n0 ; // Quantized Error

11 nA ←< · f ; // Residual Error

12 if 38B′ − n1 − nA < g then
13 Compute the project distance 38B′> based on Equation 7; // MRQ+

14 if 38B′> − nA < g then

15 compute 38B = | |x? , q? | |2 ;
16 update queue& with 38B ;

17 return Q;

we use PCA-rotated vectors as base vectors, as Euclidean distances

are preserved under the same transformation. With this setup, all

information needed for distance computation is ready for e�cient

use at query time.

5.2 Query Process

After preprocessing, we discuss how to conduct the AKNN search

under in-memory settings. The query process is detailed in Al-

gorithm 2. The parameter n0 controls the con�dence interval in

Equation (5), while < determines the standard deviation bound

based on Chebyshev’s inequality. The parameter # ?A>14 speci�es

the number of scanned clusters, balancing e�ciency and accuracy.

Query Algorithm. The query process starts with applying PCA

rotation to the query vector q (Line 1), followed by computing

the residual variance for distance correction (Lines 2–3). The pro-

jected query q3 is then quantized to accelerate distance computation

(Lines 4–5). The IVF index ranks cluster centroids by distance and

scans vectors in the top # ?A>14 clusters to identify the  nearest

neighbors of q, maintaining the top- candidates in a result queue

(heap) & (Lines 6–7). For each candidate vector, we �rst estimate

the approximate distance using the quantized representation and

precomputed values based on Equation 4 (Line 8). We then check

whether the estimated distance falls below the current threshold

with high probability (Lines 9–12). If it does, we compute the exact

distance and update the result queue accordingly (Lines 14–15).

Optimizations. In Fig.1, we propose a multi-stage distance com-

putation scheme. Line 12 of Algorithm 2 performs stage (1), while

Line 14 performs stage (3). We further propose an optimization to

include stage (2): instead of using quantized distance ⟨x1 , q1⟩, we
directly use projected distance ⟨x3 , q3 ⟩ to derive

38B′> = | |x| |2 + ||q| |2 − 2 · ⟨x3 , q3 ⟩ . (7)

Using the residual error bound for re-ranking, we derive the pruning

condition 38B′> − < · f < g (Line 13) to skip unnecessary exact

computations. We also optimize the memory layout following [27]

to enhance cache e�ciency.

5.3 Discussion

Parameter Selection. A key advantage ofMRQ is the �exibility

to choose the projection dimension 3 , enabling it to adapt to di�er-

ent deployment needs. (1)Memory-constrained setting.When

memory is limited, 3 can simply be set to the largest value that �ts

the space budget. (2) E�ciency-oriented setting. Recall that 3

directly a�ects the multi-stage distance computation, an operation

that relies heavily on hardware acceleration (e.g., SIMD). Thus, 3

should be aligned to SIMD-friendly block sizes (e.g., multiples of

64), but not so large as to incur excessive memory usage. While

one could search over 3 with a step size of 64 to locate a good

trade-o�, repeatedly rebuilding the index is expensive. To avoid

this overhead, we adopt an empirical rule: choose 3 as the smallest

power of two, 28
★

, that (i) is at least 128 to match SIMD widths, and

(ii) captures at least 80% of the total variance:

8★ = min

{

8 ∈ N : 28 ≥ 128,

∑28

9=1 f 9
∑3

9=1 f 9
≥ 0.8

}

. (8)

This rule preserves most information while ensuring small space

overhead and, as shown in § 6.2, delivers near-optimal performance.

Distributed Deployment. When the vector data is extremely

large, a natural solution is to distribute the data across a cluster. Our

proposed methodMRQ readily extends to this setting. In particular,

when combined with IVF-based methods, MRQ can be integrated

into existing distributed IVF systems such as [32, 43, 66, 74]. Because

MRQ introduces no additional dependencies on operations such as

indexing and query procedures in Section 5, it can be implemented

in a parallel or fully distributed manner. One subtle issue is the use

of PCA to obtain global statistics. This can be addressed either by

employing distributed PCA [49] or by sampling a small subset of

vectors on a single machine. We plan to further explore distributed

AKNN search under this framework.

1245



Table 1: Dataset Statistics

Dataset Dimension Size Query Size Type

MSONG 420 992.272 200 Audio
GIST 960 1,000,000 1000 Image
DEEP 256 1,000,000 1000 Image
TINY 384 5,000,000 1000 Image

WORD2VEC 300 1,000,000 1000 Text
MSMARCO10M 1024 10,000,000 1000 Text
OpenAI-1536 1536 999,000 1000 Text
OpenAI-3072 3072 999,000 1000 Text

6 EXPERIMENT

6.1 Experiment Settings

Datasets. We evaluate on 8 public datasets, including widely

used benchmarks (MSONG, GIST, DEEP, TINY)1 and datasets de-

rived from recent embedding models: MSMARCO10M (10M slice)2,

OpenAI-1536, and OpenAI-30723. Table 1 summarizes key statistics,

including dataset size, query count, dimensionality, and data type

(audio, image, or text). For datasets lacking separate query vectors,

we randomly sample 1,000 base vectors as queries and remove them

from the base set. All data are stored in �oat32 format.

EvaluationMetrics.We evaluate the accuracy using recall@k (see

§ 2) for AKNN search, with : set to 20. For e�ciency, we measure

queries per second (QPS), which is the number of queries processed

per second. All metrics are averaged over the entire query set.

Algorithms. We integrate our quantization method MRQ with

the IVF method, as described in § 5. For comparison, we evaluate

both graph-based and IVF-based AKNN methods as baselines. The

evaluated algorithms are as follows:

• IVF-RabitQ: IVF combined with the quantization method RabitQ.

• IVF-MRQ: IVF integrated with ourMRQ method (Algorithm 2

without Lines 13–14).

• IVF-MRQ+: IVF-MRQ enhanced with (i) projection-distance op-

timization (i.e., using Stage (2) for multi-stage distance computa-

tion in Algorithm 2), and (ii) optimized memory layout.

• HNSW [53]: the most widely used graph-based ANN method.

More baselines and results (such as extendingMRQ with SQ and

SQ) are provided in our technical report [67].

Con�gurations.We implement theMRQ method in C++ using g++

version 11.4.0 with the -Ofast optimization �ag and -march=native

to enable AVX instructions. The number of IVF centroids is set

to 4096, following the recommendation of the Faiss library [44].

For the IVF-RabitQ baseline, the quantization bit length is �xed to

the original vector dimensionality, as required by its design. For all

datasets except WORD2VEC and MSONG, we use the raw dimensionality.

For WORD2VEC and MSONG, we zero-pad the vectors to dimensions

320 and 448, respectively, to enable more e�cient SIMD execu-

tion. The quantization bit lengths forMRQ are determined entirely

using our empirical rule in § 5.3: 128 bits for MSONG, DEEP, TINY,

and GIST; 256 bits for WORD2VEC; and 512 bits for OpenAI-1536,

OpenAI-3072, and MSMARCO10M. Our vector decomposition can also

1https://www.cse.cuhk.edu.hk/systems/hash/gqr/datasets.html
2https://huggingface.co/datasets/Cohere/msmarco-v2.1-embed-english-v3
3https://huggingface.co/datasets/Qdrant/dbpedia-entities-openai3-text-embedding-
3-large-3072-1M

be applied to the quantization method Beyond RabitQ to improve

e�ciency, which has been experimentally veri�ed in the technical

report [67]. We also compared fundamental quantization methods

such as PQ and the more competitive OPQ fast-scan [44] in the

technical report. For the baseline HNSW , we use M = 16 and

efConstruction = 500, consistent with the recommended settings

and recent benchmarks [5, 53].

6.2 Experiment Results

Exp-1: Test of Performance. Fig. 5 presents the time–accuracy

trade-o� for all in-memory AKNN search methods, where curves

closer to the upper-left corner indicate better performance. Our key

�ndings are as follows:

(1) Superior e�ciency and with fewer quantization bits. Our dis-

tance computation method MRQ signi�cantly outperforms RabitQ

in e�ciency while requiring substantially fewer quantization bits.

Speci�cally: On the GIST dataset, MRQ achieves a 2× speedup

using only 1/7 of the bits; On OpenAI-1536, it delivers a 2.6× im-

provement with 1/3 of the bits; On OpenAI-3072, it provides a 3.4×
gain using just 1/6 of the bits. Moreover, IVF-RabitQ+ yields almost

no performance improvement over IVF-RabitQ, as IVF-RabitQ

already prunes most unnecessary distance computations with

larger code length, leaving little room for further gains.

(2) Consistent performance advantage over graph-based methods.

Our method outperforms the widely used graph-based HNSW

in most cases. For instance, on GIST, MRQ is 5.85× faster than

HNSW at high recall levels. While HNSW performs better on

OpenAI-1536 and OpenAI-3072 due to scanning fewer vectors

than IVF at equivalent recall, it incurs signi�cantly higher index

construction time and memory cost. Moreover, HNSW performs

poorly on WORD2VEC, whereas MRQ maintains competitive

performance across all datasets.

Exp-2: Preprocessing Time and Space.We report the preprocess-

ing time and space cost (excluding base vectors) for all compared

AKNN methods in Fig. 6.

(1) Preprocessing Time. As shown in Fig. 6 (a), our method achieves

signi�cantly faster index construction. In particular, it requires only

half the time of RabitQ and one-quarter of HNSW.

(2) Preprocessing Space. Fig. 6 (b) shows that our method also incurs

substantially lower space overhead. For example, it consumes over

5× less memory than HNSW and 2× less than IVF-RabitQ. More-

over, IVF-RabitQ can exceed the size of HNSW because its quan-

tized codes become large in high-dimensional settings, whereas

our method consistently uses substantially less memory. The ad-

vantages in both preprocessing time and size make our method

particularly suitable for resource-constrained environments.

Exp-3: Understanding E�ectiveness. To clarify why the pro-

posed methodMRQ is e�ective for AKNN search, we conduct an

in-depth analysis against the state-of-the-art quantization method

RabitQ. We measure the prune ratio, de�ned as the fraction of

pruned distance computations over all exact distance computations,

where a larger ratio indicates greater e�ectiveness because more

unnecessary computations are removed.

Fig. 7 shows that RabitQ can prune more than 99% of exact

distance computations (y-axis: prune rate using original vectors).
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Figure 5: The Performance Test Among Various Method
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Figure 6: The Comparison of the Time Cost and Index Space
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Figure 7: The In-Depth Analysis of E�ectiveness

Although RabitQ is strong in pruning, its �xed compression ratio

prevents it from operating e�ciently with fewer bits. Even when

we adapt the same distance-optimization and memory-layout tech-

niques used in MRQ (i.e., to form RabitQ+), the overall speedup

remains limited, as also con�rmed in Fig. 5. In contrast, MRQ uses

only 1/8–1/3 as many bits while still pruning 96%–98% of exact

distance computations—losing only 1–2% compared with RabitQ.

Moreover, the second stage distance computation inMRQ+ lever-
ages higher-precision PCA projection distances with nearly 100%

prune rate, leading to additional e�ciency gains.

Exp-4: Parameter Selection. To validate the parameter-selection

strategy introduced in § 5.3, we evaluate its e�ectiveness in real

AKNN search scenarios. Speci�cally, we report the search perfor-

mance obtained from a grid search over the projection dimension

3 with a step size of 64 (Fig. 8). From the variance distribution in

Fig. 2, the GIST dataset requires the �rst 78 projected dimensions to

capture 80% of the total variance, whereas OpenAI-1536 requires

354. Following our empirical rule—which aligns 3 to the nearest

MRQ+ [64] MRQ+ [128] MRQ+ [256]
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Figure 8: The Validation of Parameters Selection

multiple of 64 for e�cient SIMD execution—we set 3 = 128 for GIST

and 3 = 512 for OpenAI-1536. The e�ciency curves in Fig. 8 show

that these empirically chosen values (solid-line markers) achieve

near-optimal search performance across the grid. This empirical

rule is used throughout all experiments in Fig. 5, o�ering a low-cost

yet e�ective guideline for e�ciency-oriented index con�guration.

7 CONCLUSION

This paper proposes a novel method,MRQ , for AKNN search.MRQ

decomposes each vector into quantized and residual components via

projection. The quantized component operates on user-controllable

dimensions, enabling arbitrary compression ratios. The residual

component is modeled using lightweight statistical summaries,

further reducing memory usage. By combining both components,

MRQ performs a multi-stage distance computation tailored for e�-

cient and accurate AKNN search. Extensive experiments show that

MRQ greatly improves search e�ciency with negligible index con-

struction time and storage overhead. Future work will investigate

distributed processing techniques for large-scale vector datasets.
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