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Approximate Nearest Neighbor Search (ANNS) plays a critical role in applications such as search engines, rec-

ommender systems, and RAG for LLMs. Vector quantization (VQ), a crucial technique for ANNS, is commonly

used to reduce space overhead and accelerate distance computations. However, despite significant research

advances, state-of-the-art VQ methods still face challenges in balancing encoding efficiency and quantization

accuracy. To address these limitations, we propose a novel VQ method called SAQ. To improve accuracy,

SAQ employs a new dimension segmentation technique to strategically partition PCA-projected vectors into

segments along their dimensions. By prioritizing leading dimension segments with larger magnitudes, SAQ

allocates more bits to high-impact segments, optimizing the use of the available space quota. An efficient

dynamic programming algorithm is developed to optimize dimension segmentation and bit allocation, ensuring

minimal quantization error. To speed up vector encoding, SAQ devises a code adjustment technique to first

quantize each dimension independently and then progressively refine quantized vectors using a coordinate-

descent-like approach to avoid exhaustive enumeration. Extensive experiments demonstrate SAQ’s superiority

over classical methods (e.g., PQ, PCA) and recent state-of-the-art approaches (e.g., LVQ, Extended RabitQ).

SAQ achieves up to 80% reduction in quantization error and accelerates encoding speed by over 80× compared

to Extended RabitQ.
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1 Introduction
With the proliferation of machine learning, embedding models [10, 29, 41, 42] are widely used to

map diverse data objects, including images, videos, texts, e-commerce goods, genes, and proteins,

to high-dimensional vector embeddings that encode their semantic information. A core operation
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Fig. 1. Illustration of dimension balancing and dimension reduction. Bar height is the magnitude of vector
dimension.

on these vectors is nearest neighbor search (NNS) [11, 36, 39, 40, 43, 49, 55], which retrieves vectors

that are the most similar to a query vector from a vector dataset. NNS underpins many important

applications including content search (e.g., for images and videos), recommender systems, bio-

informatics, and retrieval-argumented generation (RAG) for LLMs [26]. However, exact NNS

requires a linear scan in high-dimensional space, rendering it impractical for large-scale datasets.

To address this, approximate NNS (ANNS) has been widely adopted [21, 53], which trades exactness

for efficiency by returning most of the top-𝑘 nearest neighbors. Many vector indexes [31, 56] and

vector databases [11, 39, 40, 43, 49] support ANNS as the core functionality.

Vector quantization (or vector compression) maps each vector o to a smaller approximate vector ō
and is a key technique for efficient ANNS. With billions of vectors and each vector having thousands

of dimensions, vector datasets can be large (e.g., in TBs) and vector quantization helps reduce

space consumption. Moreover, vector quantization enables us to compute approximate distance

(i.e., ∥q− ō∥, where q is the query vector) faster than the exact distance (i.e., ∥q−o∥). Since distance
computation dominates the running time of vector indexes [17], vector quantization effectively

accelerates ANNS. The goal of vector quantization is to minimize the relative error (defined as��∥q− ō∥2 − ∥q− o∥2��/∥q− o∥2) under a given space quota (i.e., measured by compression ratio w.r.t.

the original vector or the average number of bits used for each dimension) such that approximate

distance matches exact distance.

Many vector quantization methods have been proposed. PQ [5, 23, 34, 51], OPQ [19], and

LOPQ [25] partition the 𝐷-dimensional vector space into subspaces and use K-means to learn

vector codebooks for each subspace. AQ [5], RQ [7], LSQ [33, 34], and TreeQ [6, 13] further improve

the structures and learning methods of the vector codebooks. Some other methods learn query-

dependent codebooks to better approximate the query-vector distance [20, 30]. The state-of-the-art

vector quantization methods adopt two types of designs as illustrated in Figure 1. The first one

is dimension balancing, which uses a random orthonormal matrix 𝑅 to project a vector 𝑥 and then

quantizes each dimension of 𝑅𝑥 to an integer. The representative is RaBitQ [16, 18], which quantizes

each projected vector dimension with 1 bit and provides unbiased distance estimation. The second

type is dimension reduction, which uses a PCA projection matrix 𝑃 to project a vector 𝑥 such that

the leading dimensions correspond to large eigenvalues and thus have large magnitudes. Then, the

small tailing dimensions are discarded.

Despite the progresses, we observe two limitations in the state-of-the-art vector quantization

methods.
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• High quantization complexity: Currently, RaBitQ [18] and extended RaBitQ (E-RaBitQ) [16]

achieve the best accuracy. However, RaBitQ can only use 1 bit for each vector dimension, which

limits accuracy, while the quantization complexity of E-RaBitQ is𝑂 (2𝐵 ·𝐷 log𝐷) where a vector
has 𝐷 dimensions and each dimension uses 𝐵 bits. This is because E-RaBitQ does not handle each

vector dimension independently, but an enumeration is required to decide the optimal quantized

vector to approximate the original vector. Our profiling shows that when 𝐵 = 9 and 𝐷 = 3, 072,

quantizing 1 billion vectors with E-RaBitQ takes more than 3,600 CPU hours.

• Contradictory designs: Dimension balancing attempts to make vector dimensions similar

in magnitude such that the same number of bits can be used for each dimension. In contrast,

dimension reduction makes the vector dimensions skewed in magnitude so that a vector can be

approximated by its leading dimensions. These two designs are fundamentally contradictory,

posing problems about selecting the better method for different applications or considering

synergistic potential for enhanced performance.

The inherent conflict between the two dominant design paradigms in existing quantization

methods makes it difficult to further improve the efficiency of quantization while retaining the

accuracy of vector search. To resolve this challenge, we propose a novel vector quantization method,

SAQ, that overcomes the limitations of state-of-the-art methods through two key innovations: code
adjustment and dimension segmentation. One striking contribution of SAQ is: SAQ significantly

advances both quantization efficiency and vector search accuracy of currently best methods. As

shown in Figure 2, SAQ achieves significantly lower quantization errors than RaBitQ
1
with the

same space quota, while delivering dramatic speed-ups of over 80x faster quantization.

SAQ introduces a code adjustment technique to accelerate vector quantization. In particular, after

random orthonormal projection, SAQ first quantizes each dimension of a vector independently

using 𝐵 bits. Observing that quantization accuracy depends on how well the original vector 𝑥 and

quantized vector 𝑥 align in their directions (measured by cosine similarity), we propose to adjust

the quantized code for each dimension of 𝑥 to better align with 𝑥 . This yields a complexity of

𝑂 (𝐷) to quantize each vector, avoiding RaBitQ’s code enumeration which requires𝑂 (2𝐵 · 𝐷 log𝐷).
We call the new quantization method CAQ and show that CAQ achieves the same quantization

accuracy as RaBitQ, as code adjustment essentially conducts coordinate descent [52] to optimize 𝑥 .

SAQ utilizes a dimension segmentation technique to bridge dimension reduction and dimension

balancing for improved accuracy. After PCA projection, the vector dimensions are partitioned into

segments, and CAQ is applied independently to each dimension segment. The key is to allocate more

bits to the segments of leading (high-magnitude) dimensions to improve accuracy, while segments of

trailing dimensions use fewer bits or are discarded. We develop a dynamic programming algorithm

to optimally allocate bits across dimension segments to minimize quantization error under a total

space quota 𝐵 · 𝐷 . We show that dimension segmentation ensures that SAQ’s approximation error

cannot be larger than RaBitQ’s.

We further enhance SAQ with a set of novel optimizations. First, we design a distance estimators

based on the quantized vectors and develop single-instruction-multiple-data (SIMD) implementa-

tions for efficient distance computation. Second, CAQ supports progressive distance approximation,
enabling us to take the first 𝑏 < 𝐵 bits for each dimension while still yielding a valid quantized

vector (with reduced accuracy). Third, SAQ supports multi-stage distance estimation, which gives

lower and upper bounds for distances using the segmented approximate vectors. The two properties

are useful for pruning in ANNS [16, 17].

1
In the subsequent discussion, we also refer to E-RaBitQ as RabitQ for simplicity as most of our discussions are related to

E-RaBitQ.
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Fig. 2. The performance of SAQ and representative baselines for the GIST dataset. Note that RaBitQ refers to
extended RaBitQ (same for other experiments).

We conduct extensive experiments to evaluate SAQ and compare it with four representative

vector quantization methods. The results show that under the same space quota, SAQ consistently

achieves lower approximation error than the baselines. In particular, to achieve the same accuracy

as 8-bit RaBitQ, SAQ only needs 5-6 bits for each dimension, which is also shown in Figure 2. When

both RaBitQ and SAQ use 8 bits for each dimension, the approximation errors of SAQ are usually

below 50% of E-RaBitQ. Moreover, SAQ can accelerate the vector quantization process of RaBitQ by

up to 80x. We also show that SAQ’s accuracy gains translate to higher query throughput for ANNS,

and that our two key designs, i.e., code adjustment and dimension segmentation, are effective.

Our key contributions are as follows.

• We identify the critical limitations in state-of-the-art vector quantization methods, i.e., prolonged

quantization time and contradictory design paradigms.

• We propose SAQ, which pushes the limits of current vector quantizationmethods in both accuracy

and efficiency. SAQ comes with two key designs: code adjustment for linear-time quantization

and dimension segmentation for optimal bit allocation.

• We design a set of novel optimizations for SAQ that includes the multi-stage distance estimator,

distance bounds, dynamic programming for bit allocation, and SIMD implementations.

• We conduct comprehensive experimental evaluation to demonstrate SAQ’s superiority in accu-

racy (up to 5.4× improvement), quantization speed (up to 80× faster), and ANNS performance

(up to 12.5x higher query throughput at 95% recall).

2 Preliminaries
In this part, we introduce the basics of RaBitQ and extended RaBitQ to facilitate the subsequent

discussions.

2.1 Locally-adaptive VectorQuantization
Locally-adaptive Vector Quantization (LVQ) [1], a recently proposed vector quantization technique

that efficiently compresses high-dimensional vectors while preserving the accuracy of similarity

computations.

For each vector x = [𝑥1, . . . , 𝑥𝑑 ], LVQ first mean-centers the vector by subtracting its mean 𝜇

resulting in x′ = x− 𝜇, where 𝜇 = [𝜇1, ..., 𝜇𝑑 ] is the mean of all vectors in a dataset. It then computes

the minimum and maximum values of the mean-centered vector, ℓ = min𝑗 𝑥
′
𝑗 and 𝑢 = max𝑗 𝑥

′
𝑗 , and
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divides the range [ℓ,𝑢] into 2
𝐵
equal intervals, where 𝐵 is the number of bits per dimension. Each

coordinate 𝑥 ′𝑗 is quantized to the nearest interval center:

𝑄 (𝑥 ′𝑗 ;𝐵, ℓ,𝑢) = ℓ + Δ
⌊
𝑥 ′𝑗 − ℓ
Δ
+ 1

2

⌋
, where Δ =

𝑢 − ℓ
2
𝐵 − 1

. (1)

The quantized codes for all dimensions, together with ℓ and 𝑢, are stored for each vector. LVQ is

simple and efficient, and by adapting the quantization range to each vector, it can achieve better

accuracy than global quantization under the same bit budget. However, its accuracy may degrade

under high compression rates due to the limited dynamic range per vector.

2.2 RaBitQ
RaBitQ [18] compresses a𝐷-dimensional vector 𝑥 into a𝐷-bit string and two floating point numbers.

It provides an unbiased estimator for squared Euclidean distance and supports efficient distance

computation with bit operations.

Quantization procedure. Given a data vector o𝑟 and a query vector q𝑟 , RaBitQ first normalizes

them based on a reference vector c (e.g., the centroid of the dataset or a cluster). The normalized

vectors are expressed as

o :=
o𝑟 − c
∥o𝑟 − c∥

, q :=
q𝑟 − c
∥q𝑟 − c∥

. (2)

RaBitQ estimates the inner product between the normalized vectors (i.e., ⟨o, q⟩) and computes the

Euclidean distance between the original vectors (i.e., o𝑟 and q𝑟 ) as:

∥o𝑟 − q𝑟 ∥2 = ∥(o𝑟 − c) − (q𝑟 − c)∥2

=∥o𝑟 − c∥2 + ∥q𝑟 − c∥2 − 2 · ∥o𝑟 − c∥ · ∥q𝑟 − c∥ · ⟨q, o⟩,
(3)

where ∥o𝑟 − c∥ and ∥q𝑟 − c∥ are the distances of the data and query vectors to the reference vector

c, which can be precomputed prior to distance computation and reused. As such, RaBitQ quantizes

the normalized data vector o and focuses on estimating ⟨q, o⟩.
To conduct quantization, RaBitQ first generates a random orthonormal matrix 𝑃 and projects the

normalized data vector o by 𝑃 , 2 that is, o𝑝 := 𝑃 ·o. Since 𝑃 is orthonormal, it preserves inner product,

i.e., ⟨q𝑝 , o𝑝⟩ = ⟨q, o⟩. As such, we can estimate compress o𝑝 and estimate ⟨q𝑝 , o𝑝⟩. Considering that
o𝑝 has unit norm, RaBitQ uses the following codebook 𝐶

𝐶 :=

{
+ 1

√
𝐷
,− 1

√
𝐷

}𝐷
, (4)

where each codeword is also a unit vector, and o𝑝 is quantized to its nearest codeword in 𝐶 . This

essentially becomes selecting between -1 and +1 according to the sign for each dimension of o𝑝 .
This is also natural since after random orthonormal projection, the dimensions of o𝑝 follow the

same distribution, and the same number of bits should be used to quantize each dimension. The

quantized vector is denoted as ō𝑝 .

Distance estimator. To estimate distance, RaBitQ first rotates the normalized query vector with

the random orthonormal matrix 𝑃 , that is, q𝑝 := 𝑃 · q𝑟 −c
∥q𝑟 −c∥ . Then, it estimates ⟨o𝑝 , q𝑝⟩ as

⟨o𝑝 , q𝑝⟩ =
⟨ō𝑝 , q𝑝⟩
⟨ō𝑝 , o𝑝⟩

, (5)

2
RaBitQ actually projects o by 𝑃−1

but this is equivalent since 𝑃−1
is also a random orthonormal matrix.
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Fig. 3. The codebook structure of extended RaBitQ with dimension 𝐷 =2 and 𝐵=2 bits for each dimension.
Red points are the final codewords, Figure reproduced from [16].

where ō𝑝 is the quantized data vector, ⟨ō𝑝 , q𝑝⟩ is computed at query time, and ⟨ō𝑝 , o𝑝⟩ is computed

offline and stored for each vector. It has been shown that the estimator is unbiased and have tight

error bound. We restate the lemmas as follows.

Lemma 2.1 (Estimator and Error Bound). The estimator of inner product is unbiased because :

E
(
⟨o𝑝 , q𝑝⟩

)
=
⟨ō𝑝 , q𝑝⟩
⟨ō𝑝 , o𝑝⟩

. (6)

With a probability of at least 1 − exp(−𝑐0𝜖
2

0
), the error bound of the estimator satisfies

P


����� ⟨ō𝑝 , q′𝑝 ⟩⟨ō𝑝 , o′𝑝 ⟩

− ⟨o′𝑝 , q′𝑝 ⟩
����� >

√√
1 − ⟨ō𝑝 , o′𝑝 ⟩2

⟨ō𝑝 , o′𝑝 ⟩2
· 𝜖0√

𝐷 − 1

 ≤ 2𝑒−𝑐0𝜖
2

0 (7)

where 𝑐0 is a constant and 𝜖0 is a parameter that controls the probability of failure of the bound.

It is also shown that ⟨ō𝑝 , o𝑝⟩ is highly concentrated around 0.8, and the estimation error is

smaller than 𝑂 (1/
√
𝐷) with high probability [2].

2.3 Extended RaBitQ
RaBitQ only allows to use 1-bit for each vector dimension, which limits accuracy. To improve

accuracy, it pads o with zeros to a dimension 𝐷 ′ > 𝐷 and uses 𝐷 bits for quantization. However,

this is shown to be sub-optimal, and extended RaBitQ [16] (denoted as E-RaBitQ) is proposed to

support 𝐵-bit quantization for each vector dimension, where 𝐵 is a positive integer. In particular,

E-RaBitQ quantizes a 𝐷-dimensional vector o𝑟 into a (𝐷 ∗ 𝐵)-bit string and two floating point

numbers.

The normalization and projection of E-RaBitQ are the same as RaBitQ but E-RaBitQ uses the

following codebook G𝑟 to quantize o𝑝

G :=

{
−2

𝐵 − 1

2

+ 𝑢
����𝑢 = 0, 1, 2, 3, ..., 2𝐵 − 1

}𝐷
G𝑟 :=

{
y
∥y∥

����y ∈ 𝐺}𝐷 . (8)

As shown in Figure 3, the raw codewords form a regular grid in 𝐷-dimensional space, while the

actual codewords are scaled to the unit sphere to have unit norm. This is because o𝑝 also has unit

norm.
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Table 1. Frequently used notations in the paper

Notation Definition

o𝑟 , q𝑟 the original data and query vectors

o, q the rotated and deducted data and query vectors

ō the quantized vector of o
ō𝑎 the adjusted quantized vector of o
c̄, c̄𝑎 the quantization code of ō and ō𝑎
[𝐶] an integer set with {0, 1, 2, · · · ,𝐶}

A data vector o𝑝 finds the nearest codeword in G𝑟 as its quantized vector and stores the corre-

sponding quantization code ō𝑏 ∈
{
0, 1, 2, 3, ..., 2𝐵 − 1

}𝐷
for the codeword. However, it is difficult to

find the neatest codeword in G𝑟 . E-RaBitQ propose a pruned enumeration algorithm to search the

codeword with a time complexity of 𝑂 (2𝐵 · 𝐷 log𝐷). As such, the quantization time can be long

with using a few bits (e.g. 𝐵 ≥ 8) for each dimension for high accuracy.

The distance estimator of E-RaBitQ is the same as RaBitQ, and its error bound is shown empirically

as follows.

Remark 1 (Error Bound). Let 𝜖 be the absolute error in estimating the inner product of unit
vectors. With >99.9% probability, we have 𝜖 < 2

−𝐵 · 𝑐𝜖/
√
𝐷 where 𝑐𝜖 = 5.75

This is asymptotically optimal as the error scales with 2
−𝐵

.

It has been shown that when 𝐵 > 1, taking the most significant bit for each dimension can get

the quantized vector of the original RaBitQ. As such, E-RaBitQ proposes a progressive strategy

to accelerate vector search, which first uses the most significant bits of ō𝑝 to compute bounds

for the distance, and full-precession computation is used only when o is likely to have smaller

distance than the current top-𝑘 neighbors. However, taking 𝑏 < 𝐵 but 𝑏 > 1 bits from ō𝑝 does not

necessary form a valid quantized vector. In the subsequent paper, we denote E-RaBitQ as RaBitQ

for simplicity.

3 Code Adjustment
As discussed in Section 2.3, RaBitQ has a complexity of𝑂 (2𝐵 ·𝐷 log𝐷) for encoding a 𝐷-dimension

vector with 𝐵 · 𝐷 bits. Therefore, vector quantization can be time consuming. For example, for a

dataset with a billion vectors, 𝐷 = 3072 and 𝐵 = 9, RaBitQ takes more than 3,600 CPU hours. As

we mentioned in Section 1, SAQ segments dimensions and uses more bits for segments with large

magnitudes. If we directly use RaBitQ for each segment, it could lead to a longer quantization time

since 𝐵 > 10 bits may be used for each dimension of the leading segments and RaBitQ’s indexing

time grows exponentially with 𝐵.

To reduce quantization time, we propose code adjustment quantization (CAQ), which reduces

the quantization complexity drastically from 𝑂 (2𝐵 · 𝐷 log𝐷) to 𝑂 (𝐷), while maintaining the same

empirical error and efficiency for distance estimation as RaBitQ. Another special feature of CAQ

is, using 𝐵 bits for each dimension, taking first 𝑏 bits (1 < 𝑏 < 𝐵) for each dimension from

the quantized code c̄𝑎 still forms a valid quantized vector. This provides more opportunities for

progressive distance computation, which is not supported in RaBitQ. Table 1 lists the frequently

used notations.

Insights. RaBitQ has high quantization complexity because it requires the quantized vector (and

thus vector codewords) ō𝑝 to have unit norm. This makes the dimensions of ō𝑝 dependent as their
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squared values must sum to 1 and prevents handling each dimension of o𝑝 independently. Such a

design is reasonable at first glance since the norm ∥o𝑟 − c∥ is stored explicitly, and ō𝑝 quantizes the

direction vector o𝑝 , which should have unit norm. However, by inspecting the estimator in Eq (5),

we observe that the norm of ō𝑝 does not affect estimation. This is, ō𝑝 appears in both the numerator

and denominator, and thus scaling ō𝑝 will not change the estimated value. Instead, ō𝑝 should only

be required to align with o𝑝 in direction. Therefore, we remove the unit norm constraint for ō𝑝
and consider each dimension of o𝑝 individually. Intuitively, CAQ works like coordinate descent in

optimization, i.e., it starts with a raw quantized vector and then adjusts its dimensions to better

align with o𝑝 in direction.

3.1 Quantization Procedure
Like RaBitQ, CAQ deducts a reference vector c from the data and query vectors and rotates them

with a random orthonormal matrix 𝑃 . Let o𝑟 and q𝑟 be the raw data and the query vectors, and the

rotated vectors are:

o = 𝑃 · (o𝑟 − c), q = 𝑃 · (q𝑟 − c). (9)

The distance between the original data vector o𝑟 and query vector q𝑟 is equal to the distance

between the rotated data vector o and query vector q since 𝑃 is orthonormal. For simplicity, we

also call o and q data and query vectors.

CAQ initializes the quantized vector ō similar with LVQ [1]. In particular, for data vector o,
let 𝑣max = max𝑖∈[𝐷 ] |o[𝑖] |, i.e., the maximum magnitude in o. We divide the range of [−𝑣max, 𝑣max]
into 2

𝐵
uniform intervals, each with length Δ = (2 · 𝑣max)/2𝐵 . The midpoint of the 𝑥𝑡ℎ interval

is −𝑣𝑚𝑎𝑥 + Δ(𝑥 + 0.5), which is used to quantify the dimensions of o whose value falls in its

corresponding interval. Thesemidpoints form a𝐷-dimensional uniform grid, and for each dimension

𝑖 ∈ [𝐷], we have

c̄[𝑖] :=

⌊
o[𝑖] + 𝑣max

Δ

⌋
(10)

as the quantization code. Data vector o is quantized as

ō := Δ(c̄ + 0.5) − 𝑣max · 1𝐷 . (11)

LVQ stops here and uses ō to estimate distance. However, according to RaBitQ’s analysis [16],

to approximate the data vector, the quantization vector should align with the data vector o in

(a) LVQ Vector (b) Adjust Quantization Vector

(a) Scalar Quantization Vector (b) Adjust Quantization Vector

LVQ Quantization Vector
Data Vector

(a) Scalar Quantization Vector (b) Adjust Quantization Vector

Adjusted Vector
Midpoints

LVQ LVQ

Fig. 4. The procedure of CAQ for quantization, which first starts with LVQ and then adjusts the quantized
vector to align with the data vector in direction.
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Algorithm 1: Adjustment of the LVQ Quantized Vector

1 Input: round limit 𝑟 , data vector o, start point ō, value 𝑣max

2 Output: the final quantized vector ō𝑎 for data vector o

3 Step size Δ← (2 · 𝑣max)/2𝐵 ;

4 Initialize x← ō ;

5 for 𝑟𝑜𝑢𝑛𝑑 ← 1 to 𝑟 do
6 for 𝑖 ← 1 to 𝐷 do
7 for 𝛿 ∈ {Δ,−Δ} do
8 x′ ← x ;

9 x′ [𝑖] ← x′ [𝑖] + 𝛿 ;
10 if x′ [𝑖] ∈ [−𝑣max, 𝑣max] ∧ L(x′, o) > L(x, o) then
11 x← x′ ;

12 ō𝑎 ← x
13 return ō𝑎

direction. As such, quantization should find the vector x with the largest cosine similarity to o,
which is defined as

L(x, o) = x · o
∥x∥

2
· ∥o∥

2

. (12)

LVQ only produce the quantization vector 𝑜 that is the nearest to the data vector o among all

possible quantization vectors and it may not optimize the objection function in Eq. (12). However,

as we have observed, the cosine similarity can be significantly improved by adjusting and refining

ō to better align with the data vector o. We propose an efficient code adjustment algorithm shown

in Algorithm 1. Lines 7-11 try to adjust a dimension of the quantized vector by a step of Δ and

see if the direction is better aligned. The adjustment iterates over all dimensions and for a limited

number of rounds (Lines 5-6).

Figure 4 illustrates how the code adjustment algorithm adjusts the initial code produced from

LVQ to improve cosine similarity.

Since Algorithm 1 only changes one vector dimension for each adjustment, we do not need

to recompute L(x′, o) by enumerating all dimensions. Instead, we only need to recompute the

contribution of the current dimension to L(x′, o). Thus, the time complexity of each adjustment

is 𝑂 (1). The overall time complexity of Algorithm 1 is 𝑂 (𝑟 · 𝐷), which is in the same 𝑂 (𝐷) order
for computing ō. We evaluate the quantization accuracy with different number of adjustment

iteration 𝑟 in Section 5.2. In practice, we recommend setting 𝑟 ∈ [4, 8], which is sufficient to obtain

a quantized vector with high quality.

After adjustment, we obtain the approximate quantization vector ō𝑎 and compute the final

quantization code c̄𝑎 using Eq. (10). The final quantization code is a 𝐷-dimensional vector whose

coordinates are 𝐵-bit unsigned integers so that we can store the code with a (𝐵 ∗𝐷)-bit string. Like
RaBitQ, CAQ uses two additonal float numbers for each vector to store the norm and ⟨ō𝑎, o⟩.

3.2 Distance Estimation
We adopt the same distance estimator as RaBitQ, i.e., approximating ⟨o, q⟩ as ⟨ō𝑎, q⟩/⟨ō𝑎, o⟩ · |o|2.
As discussed earlier, ⟨ō𝑎, o⟩ is precomputed and stored. In the query phase, we can compute ⟨ō𝑎, q⟩
using the integer quantization code c̄𝑎 without decompression as follows

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 359. Publication date: December 2025.



359:10 Hui Li, Shiyuan Deng, Xiao Yan, Xiangyu Zhi, and James Cheng

⟨ō𝑎, q⟩ =
𝐷∑︁
𝑖=1

ō𝑎 [𝑖] · q[𝑖]

=

𝐷∑︁
𝑖=1

(Δ(c̄𝑎 [𝑖] + 0.5) − 𝑣max) · q[𝑖]

=Δ⟨c̄𝑎, q⟩ + 𝑞sum (−𝑣max + Δ/2),

(13)

where𝑞𝑠𝑢𝑚 =
∑𝐷

𝑖=1
q[𝑖], which only needs to be computed once for each query vector. Like RaBitQ, if

we quantize each dimension of a query vector to integer, Eq. 13 will mostly use integer computation.

Progressive distance approximation. CAQ supports progressive distance approximation using

the prefix of quantized code of each dimension with an arbitrary length. In particular, let c̄ denote
the first 𝑏 bits sampled from the native 𝐵 bit quantization code c̄𝑎 in each dimension, that is, c̄𝑠 =
⌊c̄𝑎/2𝐵−𝑏⌋. The inner product can be estimated using c̄𝑠 via Eq. 13 by replacing Δ with Δ′ = Δ · 2𝐵−𝑏
and c̄𝑎 with c̄𝑠 . Our experiments in Section 5.2 show that the prefix c̄𝑠 yields almost the same

estimation error as a native CAQ quantized vector using 𝑏-bits for each dimension. The progressive

distance estimator of CAQ enables vector search to conduct progressive distance refinement (e.g.,

first with 1-bit, then 2-bit, and finally 8-bit). This allows us to provide multiple efficiency-accuracy

trade-off options from the same quantization code to satisfy various requirements (e.g., we use

it in our multi-stage estimation in Section 4.3). In contrast, RaBitQ only supports progressive

approximation with 𝑏 = 1, which is rather restrictive in its usage.

3.3 Analysis
Recall that, to approximate a data vector o, RaBitQ finds its nearest codeword in codebook G𝑟
that contains unit norm vectors. That is, RaBitQ solves the following optimization problem for

quantization

argmaxx∈G𝑟 L(x, o). (14)

CAQ finds the codeword that best aligns with o in direction in a codebook DCAQ. That is, CAQ

solves the following optimization problem:

argmaxx∈DCAQ

L(x, o) (15)

among DCAQ. We show in Lemma 3.1 that the codebooks of RaBitQ and CAQ are essentially the

same.

Lemma 3.1. DCAQ of CAQ is equivalent to G𝑟 in RaBitQ.

Proof. From Lines 6-11 of Algorithm 1, the dimensions values of the vector x are taken from{
−𝑣max + Δ · (𝑖 + 0.5) | 𝑖 ∈ [2𝐵 − 1]

}
. Thus, we have

DCAQ =
{
−𝑣max + Δ · (𝑖 + 0.5) | 𝑖 ∈ [2𝐵 − 1]

}𝐷
.

With Δ = 2 · 𝑣max/2𝐵 , dividing the vectors in DCAQ by 𝑣max gives

{
−(2𝐵 − 1)/2 + 𝑖

�� 𝑖 ∈ [2𝐵 − 1]
}𝐷

,

which matches the unnormalized codebook G of RaBitQ in Eq. 8. The normalization only changes

the norm of the codewords but not the direction, and we have discussed that the norms of the

codewords do not affect the estimated inner product. □

Therefore, if CAQ can solve its optimization problem in Eq (15), it achieves the unbiased estima-

tion and error bound as RaBitQ. Although the coordinate descent style optimization of Algorithm 1

does not necessarily converge to the optimal, empirically, we observe that CAQ achieves identical

estimation errors as RaBitQ.
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Fig. 5. Variance of vector dimension after PCA projection.

4 Dimension Segmentation
In this section, we present Segmented CAQ (SAQ). SAQ combines the benefits of both dimension
balancing and dimension reduction to push the performance limits of vector quantization. In Section

4.1, we first introduce the motivation of SAQ and formulate the problem of finding a quantization

plan. Then we present a dynamic programming algorithm to find the optimal quantization plan

in Section 4.2. For query processing, in Section 4.3, we show how to use the quantization plan to

estimate distance. We also present a multi-stage estimator that facilitates candidate pruning based

on the property of the quantization plan.

4.1 Motivation and Problem Formulation
CAQ requires the random orthonormal projection because it treats each vector dimension equiv-

alently by quantizing them with the same number of bits. If some dimensions have much larger

variances than the others, their accuracy will hurt. In an extreme example, consider a dataset of

two-dimensional vectors whose values for the first dimension follow the normal distribution and

the values for the second dimension are the same fixed value. The bits assigned for the second

dimension will be wasted as we can store one copy of the specific value for all data vectors. By a

random projection, the variance is scattered across all dimensions to ensure that all bits are fully

utilized to boost accuracy. We refer to this technique as dimension balancing.
In the reverse direction, if we concentrate the data vectors’ variances into certain dimensions,

we can remove the dimensions with negligible variances. PCA is widely used for this purpose. A

recent study [54] indicates that the high-dimensional vector coordinates, once rotated by a PCA

matrix, exhibit a long-tailed variance distribution, which implies that only a few dimensions hold

most of the variance (Figure 5). This characteristic was used to create an approximate distance

estimator that uses the leading dimensions. These techniques are commonly known as dimension
reduction. Dimension reduction is less general, as it is highly dependent on the data distribution.

When PCA fails to polarize the variance, a fixed dimension reduction ratio will result in poor

accuracy.

The common idea behind these two methods indicates that dimensions with higher variance

should be allocated more bits and those with lower variance fewer bits. Building on this observation,

we introduce Segmented CAQ (SAQ), which uses varying compression ratios based on dimension

variance to improve accuracy. Unlike a common parameter 𝐵 for all dimensions as in CAQ, SAQ

takes a parameter 𝑄𝑞𝑢𝑜𝑡𝑎 to represent the total bit quota to quantize the entire vector. Given a

dataset, we first learn a PCA rotation matrix and rotate all data vectors with the PCA matrix. In this

way, we polarize the variance and obtain 𝜎1 ≥ 𝜎2 ≥ · · · ≥ 𝜎𝐷 , where 𝜎𝑖 is the variance of the values
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Fig. 6. An illustration of dimension segmentation.

taken by the 𝑖th dimensions of the rotated vectors. SAQ then performs quantization following a

quantization plan, and an example is illustrated in Figure 6.

To define a quantization plan, we first introduce the concept of a dimension segment Seg, which
is a set of continuous vector dimensions. For a dimension segment Seg and a vector 𝑥 ∈ 𝑋 , 𝑥 [Seg]
indicates the projection of 𝑥 onto the dimensions in Seg, and 𝑋 [Seg] represents the set of all

such projected vectors. We further define a tuple (Seg, B) that indicates that SAQ will quantize

each dimension in Seg using B bits. A quantization plan is given by a set of such tuples P :=

{(Seg
1
, B1), (Seg2

, B2), ...}, where Seg𝑖 is a dimension segment and B𝑖 is the number of bits used to

quantize the dimensions in Seg𝑖 . The union of all these Seg𝑖 is [𝐷]. The total bit consumption of

this plan is

C(P) =
∑︁

(Seg,B) ∈P
B · |Seg |. (16)

We want to find a quantization plan P that achieves a low estimation error with C(P) ≤ 𝑄𝑞𝑢𝑜𝑡𝑎 .

The number of possible quantization plans can be prohibitively large, and it is difficult to predict the

estimation error without deploying and testing the plan with real queries. To this end, we provide

an efficient way to model the estimation error of a quantization plan and a method to search for

good quantization plan. Note that when quantizing each segment with CAQ, we still apply the

random orthonormal projection beforehand such that the dimensions are similar in variance.

4.2 Quantization Plan Construction
According to our experiments and the analysis of RaBitQ [16], the relative error of quantization

a segment (or vector) is proportional to 2
−𝐵
, where 𝐵 is the number of bits used to quantify the

segment. This is natural because with 1 more bit, we can reduces the quantization resolution by

1/2. Moreover, we observe that, after PCA projection, the value distribution of a dimension almost

follows a normal distribution with a mean close to 0, as illustrated in Figure 7. Therefore, we

propose the following expression to model the error introduced in the index phase:

ERROR(Seg, B) =
∑︁
𝑖∈Seg

E [|o𝑟 [𝑖] · q𝑟 [𝑖] |]
2
𝐵+1 =

1

2
𝐵𝜋

∑︁
𝑖∈Seg

𝜎2

𝑖 , (17)

where o𝑟 and q𝑟 are the raw data vector and raw query vector, and 𝜎𝑖 means the value variance of

the 𝑖-th dimension
3
. The error introduced by a quantization plan P can then be modeled as

ERROR(P) =
∑︁

(Seg,B) ∈P
ERROR(Seg, B). (18)

3
Here, we assume query vectors share the same distribution with data vectors. In fact, we can drop the normal distribution

assumption and simply use the empirical variance of each dimension (i.e., 𝜎2

𝑖
). This will remove the 𝜋 in Eq (17).
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Algorithm 2: Quantization Plan Search

1 Input: vector dimension 𝐷 , total bit quota 𝑄𝑞𝑢𝑜𝑡𝑎

2 Output: Quantization plan P.
3 𝑝0,0 ← (∅, ∅)
4 for 𝑑 ← 0 to 𝐷 − 1 do
5 for 𝑄 ← 0 to 𝑄𝑞𝑢𝑜𝑡𝑎 do
6 if 𝑝𝑑,𝑄 exists then
7 for 𝑑 ′ ← 𝑑 to 𝐷 do
8 seg ← {𝑑 + 1, 𝑑 + 2, ..., 𝑑 ′}
9 for b′ is valid quantization bits do
10 𝑄 ′ ← 𝑄 + 𝑏′ ∗ 𝑑 ′
11 𝑝′ ← 𝑝𝑑,𝑄 ∪ (seg, b′)
12 if 𝑝𝑑 ′,𝑄 ′ not exist or ERROR(𝑝𝑑 ′,𝑄 ′ ) > ERROR(𝑝′) then
13 𝑝𝑑 ′,𝑄 ′ ← 𝑝′

14 P ← ∅
15 for 𝑄 ← 0 to 𝑄𝑞𝑢𝑜𝑡𝑎 do
16 if 𝑝𝐷,𝑄 exists
17 JAMES CHENG4, The Chinese University of Hong Kong, Hong Kong SAR

18 ERROR(𝑝𝐷,𝑄 ) < ERROR(P) then
19 P ← 𝑝𝐷,𝑄

20 return P

The problem then becomes finding a plan under the given bit quota 𝑄𝑞𝑢𝑜𝑡𝑎 with minimal

ERROR(P). To solve this problem, we devise a dynamic programming algorithm as presented in

Algorithm 2.

Let 𝑝𝑑,𝑄 denote the quantization plan that contains the first 𝑑 dimensions and uses 𝑄 bits quota

in total. We use dynamic programming to find the optimal quantization plan. Specifically, each

time we enumerate an existing quantization plan 𝑝𝑑,𝑄 (lines 4-6) and append a new segment seg
that contains a set of dimensions {𝑑 + 1, 𝑑 + 2, ..., 𝑑 ′} and use 𝑏′ bits to quantize each dimension

(lines 7-11). We create this new quantization plan or update it if it already exists and the new one

is better (lines 12-13). After the whole process, we obtain the optimal quantization plan P that

minimizes the total error within the total bit quota 𝑄𝑞𝑢𝑜𝑡𝑎 (lines 15-17).

The time complexity of this dynamic programming is 𝑂 (𝐷2 · 𝑄𝑞𝑢𝑜𝑡𝑎), which is insignificant

compared to the time complexity of quantization as it does not loop over vectors. In practice, we

set the size of each segment to be a multiple of 64 to align with cache line size. Moreover, as each

segment has some extra computation overhead for the distance estimator, which we will shown

soon, using many small segments is not efficient. Thus, we choose the quantization plan that gives

an error close to (e.g., <0.1% of) the minimum but with the least number of segments. On all our

experimented datasets, quantization plan search can finish within 1 second.

Figure 6 illustrates an example of our quantization plan (disregarding the 64 limits for simplicity).

We allocate more bits to dimensions with high variance to attain higher precision, while applying

higher compression rates to dimensions with low variance to maintain the total bit budget. After
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Fig. 7. The value distribution at two sampled dimensions after PCA projection, all vectors are considered.

constructing the quantization plan, we use it to split the dimensions of data vectors into segments

and quantize each segment separately just as a normal vector.

Dimension segmentation relies on a skewed eigen value distribution over the dimensions such

that more bits can be used for dimension segments with larger eigen values. When the eigen

value distribution is perfectly uniform, the chance for improvement varnishes. However, for these

extreme cases, the quantization plan will contain only one segment that contains all dimensions

and will still match the performance of CAQ.

4.3 Multi-Stage Distance Estimation
To process an ANN query, we also split the query vector into segments, estimate the inner product

of each segment correspondingly, and combine them to obtain the final distance. Instead of trivially

summing up the inner product of each segment, we can also use the feature of the quantization

plan to improve the estimator.

Recent studies [17] show that reliably identifying the nearest neighbor (NN) does not require

exact distance calculations for all candidate vectors. Instead, approximate distance estimates or

distance bounds can filter out most unlikely candidates (e.g. if a lower bound exceeds the current

best NN distance). In Section 3.2, we introduce a progressive distance approximation method

that supports progressive refinement for CAQ. For SAQ, we further improve the estimator by

leveraging the quantization plan. In particular, the quantization plan partitions the dimensions into

segments, and segments with high variance contribute more to the final distance. This inspires us

to design a multi-stage estimator that gradually refines the distance estimation by starting with

the high-variance segments and gradually adding more segments. Once the distance exceeds the

current best NN distance, we can prune the vector.

Moreover, we can even obtain a lower bound of the estimated distance with almost no com-

putation. Specifically, we can predict the distance contribution of each segment with the value

distributions of the dimensions in the segment.

For a data vector o𝑟 , the contribution of the dimensions inside segment Seg to the final inner

product can be written as

⟨o𝑠𝑒𝑔, q𝑠𝑒𝑔⟩ =
∑︁
𝑖∈Seg

q[𝑖] · o[𝑖] . (19)

According to our observation, after PCA projection, the value distribution of a dimension almost

follows a normal distribution with a mean close to 0, as illustrated in Figure 7. The variance of

expression above can be written as:

𝜎2

Seg = 𝑉𝑎𝑟
(
⟨o𝑠𝑒𝑔, q𝑠𝑒𝑔⟩

)
=

∑︁
𝑖∈Seg

q2 [𝑖] · 𝜎2

𝑖 , (20)
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where 𝜎2

𝑖 is the variance of dimension 𝑖 among the dataset.

According to Chebyshev’s inequality, we have:

P
(��⟨o𝑠𝑒𝑔, q𝑠𝑒𝑔⟩�� ≥ Est𝑣 (Seg)

)
≤ 1

𝑚2
, (21)

where Est𝑣 (Seg) = 𝜎Seg ·𝑚 and𝑚 is a predefined constant. We can use Est𝑣 (Seg) to predict a lower

bound of the contribution of each stage to the final inner product with confidence 1 − 1

𝑚2
.

It is worth noting that 𝜎Seg only needs to be computed once for each query and is shared by all

candidate vectors in the query phase. We combine the new estimator Est𝑣 (Seg) with the one in CAQ

to conduct a multi-stage estimator, which is a more fine-grained progressive distance refinement

provide by SAQ. The multi-stage estimator significantly reduces unnecessary computation and

memory access. Our experiments show that the average bit access of the multi-stage estimator is

even smaller than the dimension of the dataset, which means that the multi-stage estimator can

prune most of the candidates without computing all the segments.

5 EXPERIMENTAL Evaluation

Baselines. We compared CAQ and SAQ with four other quantization methods listed below.

• ExtendedRaBitQ [16]:The state-of-the-art quantizationmethod, which quantizes the directions

of vectors and stores the lengths. We call it RaBitQ in the experiments.

• LVQ [1]: A recent vector quantization method that achieves good accuracy. LVQ first collects

the minimum value 𝑣𝑙 and maximum value 𝑣𝑟 of all coordinates for a vector. Then it uniformly

divides the range [𝑣𝑙 , 𝑣𝑟 ] into 2
𝐵 − 1 segments. The floating point value of each coordinate of

that vector is rounded to the nearest boundary of the intervals and stored as a 𝐵-bit integer.

• PCA: We implemented a simple PCA method that first projects all data vectors with a PCA

matrix and then quantizes the projected vectors by dropping the insignificant dimensions directly.

The dropping rate is equal to the compressing rate.

• PQ [24]: A popular quantization method that is generally used with a high compression rate and

is widely used in industry. We use the Faiss PQ implementation [12]. PQ supports two settings

𝑛𝑏𝑖𝑡𝑠 = 4 and 𝑛𝑏𝑖𝑡𝑠 = 8, which is the number of bits used to represent each sub-vector after

quantization. According to [16], 𝑛𝑏𝑖𝑡𝑠 = 8 produces consistently better than 𝑛𝑏𝑖𝑡𝑠 = 4, so we

report the result under this setting.

We do not compare with OPQ [19], LSQ [33], and scalar quantization (SQ) because they are

outperformed by RaBitQ. To test the performance of the vector quantization methods for ANNS,

we build IVF index [23] for all datasets following RaBitQ. In particular, IVF groups the vectors into

clusters and scans the top-ranking clusters for each query. Following the common setting of IVF,

we used 4,096 clusters for the datasets. We are aware that proximity graph indexes [14, 32] are

also popular, but combining with vector indexes is not our focus and we leave it to future work.

Table 2. Datasets.

Dataset Size D Query Size Type

DEEP 1,000,000 256 1,000 Image

GIST 1,000,000 960 1,000 Image

MSMARC 10,000,000 1024 1,000 Text

OpenAI-1536 999,000 1536 1,000 Text
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All methods were optimized with the SIMD instructions with AVX512 to ensure a fair efficiency

comparison, and the performance improvements of SAQ generalize across platforms.

Datasets. We used four public real-world datasets that have various dimensionalities and data

types, as shown in Table 2. These datasets include widely adopted benchmarks for the evaluation

of ANN algorithms[4, 16, 18, 28, 54] (DEEP and GIST
5
) and embeddings generated by language

models. The MSMARCO
6
dataset contains the embeddings for the TREC-RAG Corpus 2024 [48]

embedded with the Cohere Embed V3 English model [8] and the OpenAI-1536
7
dataset is produced

by model text-embedding-3-large of OpenAI [37]. We used the query sets provided by the DEEP

and GIST datasets. For MSMARCO and OpenAI-1536, we randomly removed 1,000 vectors from

each dataset and used them as query vectors.

Performance metrics and machine settings. For the experiments that evaluate the quantization

accuracy under different space quota, we measured the accuracy of the estimator in terms of average

relative error, maximum relative error, and recall. The relative error is defined as |𝑑2

est
− 𝑑2

real
|/𝑑2

real
,

where 𝑑2

est
and 𝑑2

real
are the estimated and real squared Euclidean distance, receptively. Recall is the

percentage of true nearest neighbors successfully retrieved with top 𝑘 = 100 and𝑛𝑝𝑟𝑜𝑏 = 200. These

metrics are widely adopted to measure the accuracy of ANN algorithms [4, 15, 22, 28, 38, 44]. All

metrics were measured on every query and averaged across the entire query set. The compression

rate was measured by the number of bits used to quantize a single dimension, which is computed by

dividing the total number of bits used to quantize all the dimensions by the number of dimensions.

For the experiments that evaluate indexing, we measured the index time of different methods

using 24 threads. For the experiments that evaluate the performance of ANNS, we measured

QPS, i.e., the number of queries processed per second, under different average distance ratios and

recalls to show the performance of each method with different compression rates. The average

distance ratio is the average of the distance ratios of the retrieved nearest neighbors over the

true nearest neighbors. These metrics are widely adopted to measure the performance of ANN

algorithms [4, 15, 16, 35].

All the experiments were run on a server with 4 Intel Xeon Gold 6252N@ 2.30GHz CPUs (with

24 cores/48 threads each), 756GB RAM. The C++ source code is compiled by GCC 11.4.0 with -Ofast

-march=native under Ubuntu 22.04 LTS container with AVX512 enabled. All the results, including

indexing and search, were computed using 24 threads bound to 24 physical cores for all methods.

5.1 Main Results

Quantization accuracy. In this experiment, we evaluate the accuracy of different quantization

methods at different compression rates with fixed 𝑛𝑝𝑟𝑜𝑏 = 200. We focus on both high compression

rate (𝐵 = 0.2, compressing 160× approximately) and moderate compression rate (𝐵 = 8, compressing

4× approximately). Note that PQ’s compression rate is not controlled by 𝐵 as in the other methods,

but we obtained a very close compression rate for PQ as the other methods for each 𝐵 in all our

experiments.

As reported in Figure 8, SAQ (the blue curve) achieves consistently better average relative error

and recall than all baseline methods at the same compression rate. The maximum relative error of

SAQ is relatively less stable in low-dimension datasets (e.g., DEEP) due to the limitation of SIMD

where the granularity of segmentation is at least 64, which leads to a suboptimal quantization

plan. Nevertheless, as the dimension increases, this limitation is hidden and both the average and

5
https://www.cse.cuhk.edu.hk/systems/hash/gqr/datasets.html

6
https://huggingface.co/datasets/Cohere/msmarco-v2.1-embed-english-v3

7
https://huggingface.co/datasets/Qdrant/dbpedia-entities-openai3-text-embedding-3-large-1536-1M
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Fig. 8. Quantization accuracy of SAQ and the baselines (𝑛𝑝𝑟𝑜𝑏 = 200).

Table 3. Average relative error at 𝐵=4. SAQ reports the error, while other methods report the error blowup
w.r.t. SAQ.

Method DEEP GIST MSMARC OpenAI-1536

SAQ 0.27% 0.05% 0.10% 0.09%

CAQ (ratio of SAQ) 1.9× 5.6× 2.8× 2.6×
RaBitQ (ratio of SAQ) 1.8× 5.4× 2.7× 2.5×
LVQ (ratio of SAQ) 2.8× 17.8× 9.1× 9.3×
PQ (ratio of SAQ) 1.9× 7.7× 4.1× 4.7×

maximum relative errors of SAQ decrease exponentially with the number of bits. Additionally,

even our base method CAQ also consistently achieves almost the same performance as RaBitQ in

this experiment, which shows that our new efficient quantization method does not compromise

accuracy.

At higher compression rates (𝐵 ≤ 4), the accuracy of the LVQ worsens dramatically as the

compression rate increases. Table 3 reports the error comparison of different methods at 𝐵 = 4. It is

worth noting that as shown in Figure 8, SAQ can arealdy achieve a high recall of > 95% at 𝐵 = 4,

and in some case like for MSMARCO, even 𝐵 = 2 is good enough.

While the maximum compression rate of RaBitQ and LVQ is around 32× (at 𝐵 = 1), SAQ and also

PQ can achieve higher compression rates with reasonable accuracy. However, for high compression
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Table 4. Quantization time (in seconds) of different methods. Speedup is the speedup of SAQ over RaBitQ.

Method
DEEP GIST MSMARCO OpenAI-1536

𝐵 = 1 𝐵 = 4 𝐵 = 8 𝐵 = 9 𝐵 = 1 𝐵 = 4 𝐵 = 8 𝐵 = 9 𝐵 = 1 𝐵 = 4 𝐵 = 8 𝐵 = 9 𝐵 = 1 𝐵 = 4 𝐵 = 8 𝐵 = 9

RaBitQ 0.3 3.9 21.5 41.7 2.4 16.9 83.4 165.9 33.8 178.9 897.4 1773.6 6.1 28.2 139.7 269.0

LVQ 0.3 0.3 0.3 0.4 0.8 1.1 1.3 1.4 12.6 14.8 18.5 17.9 1.5 1.8 2.3 2.3

PQ* 6.9 18.0 30.8 - 25.1 66.3 114.1 - 144.6 256.6 396.6 - 42.6 107.8 184.8 -

CAQ 0.6 1.1 0.7 0.7 2.5 5.2 3.5 2.9 28.4 60.2 32.8 31.3 6.3 10.5 6.8 7.0

SAQ 0.3 0.7 0.7 0.7 2.2 3.5 2.1 2.0 27.7 38.3 26.2 26.1 3.5 7.5 3.9 3.7

Speedup 0.9× 5.9× 32.2× 59.1× 1.1× 4.8× 39.1× 84.7× 1.2× 4.7× 34.2× 67.9× 1.7× 3.8× 35.4× 73.1×
*
: The results are obtained at the same compression rate. ‘-’ means do not support.

rates, e.g., when 𝐵 = 0.5 (∼ 64× compression), the average relative error of SAQ is significantly

better than that of PQ (e.g., 4.8× lower for GIST), and impressively, is even consistently lower than

the error of the state-of-the-art RaBitQ obtained at a much lower compression rate when 𝐵 = 1

(∼ 32× compression). In a more extreme case 𝐵 = 0.2 (∼ 160× compression), SAQ still achieves

better accuracy than PQ. At lower compression rates (𝐵 > 4), SAQ also consistently achieves the

lowest average and maximum relative errors and recalls compared to baselines. The average relative

error is 2.5× to 5× lower than that of RaBitQ in high-dimensional datasets.

Quantization efficiency. In this experiment, we evaluate the quantization efficiency of different

methods. The quantization time includes generating the random orthogonal matrix and applying the

rotation to all the data vectors, but excludes the time for applying the PCA projection. Since the PCA

projection and the random rotation can be combined into one matrix, this will not change the time

complexity. As reported in Table 4, the quantization time of RaBitQ increases exponentially with

𝐵. When 𝐵 = 9, RaBitQ already costs 11.8 CPU hours (i.e., 0.49 hours with 24 threads) to quantize

MSMARCO, which contain 10M vectors with 1,024 dimensions. In contrast, the quantization time

of CAQ and SAQ fluctuates only within a manageable time range, similar to that of LVQ. The

speedup of SAQ over RaBitQ can be over 80× at 𝐵 = 9.

ANNS performance. In this experiment, we evaluate the performance of CAQ, SAQ, and baselines

to process ANNS queries. Figure 9 reports the QPS-Recall curves (upper right, i.e., higher QPS/recall,

is better) and the QPS-Ratio curves (upper left, i.e., higher QPS and lower average distance ratio, is

better) for both methods. Using the IVF index, as the number of clusters to probe increases, QPS

decreases as computation increases, but the probability of finding the ground truth increases. A

lower compression rate can produce a more accurate estimated distance to reach a higher recall,

but requires more computation that slows down the distance estimator. We set 𝑚 = 2 for the

multi-stage estimator of SAQ in GIST and𝑚 = 4 in other datasets. We report the results of SAQ

for 𝐵 = {2, 3, 5}, RaBitQ for 𝐵 = {3, 5} (it does not support 𝐵 = 2), LVQ for 𝐵 = 4 and PQ for the

compression rate 8× (equivalent to 4bit).

When the number of clusters to probe is low, LVQ can achieve high QPS, especially for the

high-dimensional datasets, since it does not require the rotation of the query vectors. However,

as the number of clusters to probe increases, the QPS of LVQ drops significantly due to the high

computation cost of a single distance estimation and can not reach the recall as 3bit RaBitQ and

SAQ, even 2bit SAQ.

For SAQ, in the low-dimensional dataset (DEEP), it can achieve a higher recall than RaBitQ at

the same compression rate. In fact, 2bit SAQ attains a higher recall than 3bit RaBitQ. However, the

QPS of SAQ is hindered by the additional computation of the multi-stage estimator. This is because

for low-dimensional data, the computation of an individual estimator is minor and the effect of the
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Fig. 9. The performance of SAQ and the baselines for ANNS (higher QPS/recall and lower average distance
ratio are better).

Table 5. Best QPS at 95% recall for each method. ‘-’ means cannot reach 95% recall.

Method

DEEP GIST MSMARCO OpenAI-1536

𝐵 = 3 𝐵 = 5 𝐵 = 2 𝐵 = 3 𝐵 = 5 𝐵 = 3 𝐵 = 5 𝐵 = 2 𝐵 = 3 𝐵 = 5

RaBitQ – 27721 – – 4018 235 1958 – 1338 2329
SAQ –* 19407 3915 4683 4073 3427 3726 1624 2812 3112

* The maximum recall of SAQ in DEEP is 94.86% when 𝐵 = 3.

early pruning of candidates is negligible, while the constant overhead of the multi-stage estimator

is more significant.

The multi-stage estimator is more suitable for high-dimensional datasets, where the computation

of a single estimator is heavier and the overhead of the multi-stage estimator becomes minor. Early

pruning significantly reduces computation and memory access. Thus, for high-dimension datasets,

SAQ consistently outperforms RaBitQ in terms of QPS, recall, and average distance ratio at the

same compression rate. Even at 2bit SAQ can still almost outperform 3bit RabitQ and produces

∼ 95% recall.

In Table 5, we also report the QPS for different datasets and configurations when 95% recall

is achieved. For GIST and OpenAI-1536, SAQ can achieve > 95% recall and reasonable QPS with

𝐵 = 2. For MSMARCO, SAQ can also produce a maximum 94.4% recall with 𝐵 = 2. Thus, 𝐵 = 3 is

sufficient for SAQ to produce 95% recall for these high-dimensional datasets, and 𝐵 = 5 almost

gives the best QPS. We notice that for MSMARCO, the QPS of SAQ is 14.6× that of RaBitQ when

𝐵 = 3. This significant difference occurs because RaBitQ approaches its maximum recall at 𝐵 = 3

due to error limitations, causing a sharp decline in its QPS, while SAQ maintains high performance

with room for further recall improvement.
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Table 6. Storage space of the quantized vectors for MSMARCO. ‘-’: the configuration not supported.

B 0.5 1 2 4 6 8

RaBitQ (MB) – 1363 – 5025 – 9908

CAQ (MB) – 1379 2600 5041 7483 9924

SAQ (MB) 838 1449 2671 5114 7481 9922

Raw data vector space consumption is 39,100 MB.

0 1 2 4 8 16 32
# of Adjustment Iterations r

0.9

1.0

1.1

1.2

Av
er

ag
e 

Re
la

tiv
e 

Er
ro

r (
%

) GIST (B = 2)

0 1 2 4 8 16 32
# of Adjustment Iterations r

0.26

0.27

0.28

0.29

0.30

GIST (B = 4)
CAQ Optimal

Fig. 10. Quantization accuracy with different number of code adjustment iterations 𝑟 . Optimal means the
error produced by the RabitQ quantization code, which is optimal.

5.2 Micro Results

Space consumption.We first report the space consumption of SAQ and RaBitQ with different

configurations 𝐵. The space includes the quantization code, two extra factors per data vector

and other factors that consume constant space. We only report the results from the MSMARCO

dataset under a few configurations of 𝐵. The space consumption is proportional to the number of

data vectors and the number of dimensions for the other datasets, and also proportional to other

configurations of 𝐵.

As reported in Table6, the space consumption is almost proportional to 𝐵. We note that, due to

the constant overhead of some factors, the compression rate may not be as expected in small 𝐵.

The space consumption of SAQ is slightly larger than the baseline since the multi-stage estimator

of SAQ requires to store more statistics of the dataset and consume more space for extra factors.

However, this overhead is negligible for large-scale datasets.

Code adjustment iteration. We compare the quantization accuracy with different number of

code adjustment iterations 𝑟 in Algorithm 1. We measure accuracy by the average relative error,

which is the same as in our main results.

As reported in Figure 10, without any code adjustment (𝑟 = 0), the average relative error is the

worst. As 𝑟 increases, the average relative errors become significantly better and almost optimal

(the error is only 0.7% worse than the optimal when 𝐵 = 4, 𝑟 = 32). The results show that the first

few rounds of iterations can significantly refine the quantization code and produce a good enough

error while increasing 𝑟 to a higher value only slightly improves accuracy. Thus, we recommend

setting 𝑟 ∈ [4, 8] for CAQ, which can achieve a good balance between accuracy and efficiency.

Memory access for multi-stage estimator. We also quantify the memory access and compu-

tational costs of the multi-stage estimator of SAQ. We measure the average bits accessed by the

multi-stage estimator when processing an ANNS query, which is the number of bits of quantization

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 359. Publication date: December 2025.



SAQ: Pushing the Limits of Vector Quantization through Code Adjustment and Dimension Segmentation 359:21

1 2 3 4 5 6 7 8
B

200

400

600

800

1000
Av

g 
Bi

ts
 A

cc
es

s
MSMarco

1 2 3 4 5 6 7 8
B

500

1000

1500

OpenAI-1536

1 2 3 4 5 6 7 8
B

0.80

0.85

0.90

0.95

1.00

Re
ca

ll@
10

0

1 2 3 4 5 6 7 8
B

0.84
0.86
0.88
0.90
0.92
0.94

RaBitQ SAQ (m=2) SAQ (m=4) SAQ (m=8) SAQ (m=16)

Fig. 11. The average number of bits accessed for each vector (top, smaller the better) and query recall (bottom,
𝑛𝑝𝑟𝑜𝑏 = 200) for the estimator of RaBitQ and multi-stage estimator of SAQ with different𝑚 under different
𝐵 (the recall curves of𝑚 = {4, 8, 16} are almost identical).

codes required by the estimator for a single distance estimation. As defined in Section 4.3, the

estimator confidence level is governed by the parameter𝑚 in Est𝑣 (Seg) = 𝜎Seg ·𝑚. As𝑚 increases,

the confidence in the lower bound distance produced by the estimator increases, though it is likely

that candidates are pruned. When setting𝑚 to a small value, pruning becomes radical and it may

weaken the recall.

As reported in Figure 11, the average number of bits accessed by a query is always larger than

or equal to the number of dimensions of the dataset. This is because RaBitQ always estimates

the distance with the most significant bit of the quantization code. RaBitQ also uses this distance

to prune candidates, and so the bits accessed increases slowly as 𝐵 (i.e., the number of bits for a

dimension) increases. For SAQ’s multi-stage estimator, the memory access is consistently reduced

as𝑚 decreases, which means that candidates are pruned earlier before accessing more bits and

computing a more accurate distance. We also observe that the multi-stage estimator almost does not

harm the recall when𝑚 ≥ 4, but the average of bits accessed increases correspondingly for larger

𝑚. When𝑚 = 2, although the bits accessed decreases dramatically, the recall is also lower by the

more radical pruning. Thus, we recommend setting𝑚 = 4 as default for the multi-stage estimator

in SAQ, which can significantly reduce bits accessed, while avoiding weakening recall. SAQ’s

multi-stage estimator using default𝑚 can reduce the bits accessed by about 1.9-4.0× compared

with the estimator of RaBitQ.

Accuracy of progressive distance approximation. We compare the relative error produced by

the progressive distance (red curve) with the error of the native distance of CAQ (blue curve) and

LVQ (green curve). The quantization code for progressive distance is sampled from the native 8-bit

quantization code to different 𝑏 bits.

As reported in Figure 12, the error of the sampled quantization code is consistently lower than

that of LVQ and is almost the same as that of the native quantization code when 𝑏 > 4 and the

error is slightly larger when 2 ≤ 𝑏 ≤ 4. The small increase in error when reusing the factor under

small 𝑏 ≤ 4 because the 𝑏-bit code is sampled from the 8-bit quantization code and the estimator
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factor is optimized to fit the full 8-bit code, which enlarges the gap between the reuse factor and

the native factor when more bits of code are dropped. However, when 𝑏 = 1, the error of the

sampled quantization code and the native one is almost the same, since the estimator factor is

highly concentrated around 0.8 when 𝑏 = 1 [18] and the estimator does not rely on the factor

produced by 8-bit quantization.

6 Related Work

Clustering-based vector quantization. Product quantization (PQ) is a classic method that

divides the 𝐷-dimensional vector space into𝑀 sub-spaces with dimension 𝐷/𝑀 and uses K-means

clustering to obtain 𝐾 vector codewords for each sub-space [5, 23, 34, 51]. The codewords for

each sub-space forms a codebook, and a PQ has𝑀 codebooks. Optimized PQ (OPQ) improves PQ

by applying a rotation matrix 𝑅 beforehand to evenly distribute the energy among the 𝑀 sub-

spaces [19]. Locally optimized PQ (LOPQ) works with the IVF index and trains a set of codebooks

for each cluster of vectors to better adapt to local data distribution [25]. Instead of partitioning

a vector dimension as in PQ, residue quantization (RQ) uses codebooks that are in the same 𝐷-

dimensional space of the original vectors [5, 23, 34, 51]. The codebooks are trained sequentially

with K-means with each codebook working on the residues from all its previous codebooks. To

improve accuracy, additive quantization (AQ) improves RQ by jointly learning the𝑀 𝐷-dimensional

codebooks [5]. However, the complexity is high for both learning the codebooks and encoding

each vector with the codebooks. To speed up AQ, LSQ [33] and LSQ++ [34] conduct both algorithm

and system optimizations by reformulating the codebook learning problem and using GPU for

acceleration. There are also vector quantization methods with other codebook structures, e.g.,

composite quantization (CQ) [50] and tree quantization (TreeQ) [13].

Clustering based methods use lookup tables (LUTs) for efficient approximate distance compu-

tation [5, 23, 34, 51]. A query first computes its distances to all the codewords to initialize the

LUTs, and to compute the approximate distance with a vector 𝑥 , the distances of 𝑥 ’s codewords are

aggregated over the codebooks. Typically, a codebook size of 𝐾 = 256 is used such that the index of

each codeword can be stored as a byte. However, it is observed that table lookup does not utilize

CPU registers efficiently with 𝐾 = 256 [3], and thus it is proposed to use smaller codebooks (i.e.,

𝐾 = 16) to fit each LUT into the registers [45]. However, at the same space quota for each vector,

smaller codebooks degrade accuracy.

Projection-based vector quantization. It is well known that the energy of high-dimension

vectors concentrate on the leading dimensions after projection with the PCA matrix. As such,
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FEXIPRO [27] adopts the leading dimensions to compute similarity bounds for efficient pruning in

maximum inner product search (MIPS). DADE uses PCA-based dimension reduction for Euclidean

distance and derives probabilistic bounds for the approximate distance computed with the leading

dimensions [9]. A progressive distance computation method is introduced, where a vector first uses

its leading dimensions for computation and then checks whether its distance to query is smaller

than the current top-𝑘 with high probability, and exact distance is only computed if the check passes.

In a similar vein, ADSampling projects the vectors with a random orthonormal projection matrix

and shows that a unbiased distance estimation can be obtained by sampling some dimensions [9].

LeanVec learns the projection matrix for dimension reduction in a query-aware manner [46], while

GleanVec [47] improves LeanVec by learning multiple projection matrices to adapt to local data

distributions like LOPQ. Different from the dimension reduction methods, RabitQ uses the random

orthonormal projection matrix such that vector dimensions have similar magnitude and quantizes

each dimension with 1-bit [18]. To use more bits for each dimension, RabitQ pads the original

vector with zeros to increase the dimension before projection. Observing that padding yields

inferior accuracy, extended RabitQ (E-RabitQ) uses codewords on the unit sphere after projection

and is shown to be asymptotically optimal in accuracy [16]. Currently, E-RabitQ represents the

state-of-the-art in accuracy. As we demonstrated in Section 5, SAQ significantly improves E-RabitQ

in terms of both encoding speed and quantization accuracy.

7 Conclusions
We have presented SAQ, an advanced vector quantization method that addresses critical limitations

of existing methods in both encoding efficiency and quantization accuracy through dimension

segmentation and code adjustment. Extensive experiments demonstrate that SAQ significantly

outperforms state-of-the-art methods, achieving up to 80% lower quantization error and 80× faster

encoding speeds compared to Extended RabitQ. These advancements position SAQ as a robust

solution for high-accuracy, efficient vector quantization in large-scale ANNS applications.
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