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Approximate Nearest Neighbor Search (ANNS) in high-dimensional Euclidean spaces is a fundamental problem

with broad applications. Subspace Collision is a newly proposed ANNS framework that provides a novel

paradigm for similarity search and achieves superior indexing and query performance. However, the subspace

collision framework remains data-agnostic and query-oblivious, resulting in imbalanced index construction

and wasted query overhead. In this paper, we address these limitations from two aspects: first, we design a

subspace-oriented data transformation mechanism by averaging the entropies computed over each subspace

of the transformed data, which ensures balanced subspace partitioning (in an information theoretical sense)

and enables data-adaptive subspace collision; second, we present query-aware and scalable query strategies

that dynamically allocate overhead for each query and accelerate collision probing within subspaces. Building

on these ideas, we propose a novel data-adaptive and query-aware subspace collision method, abbreviated

as TaCo, which achieves efficient and accurate ANN search while maintaining an excellent balance between

indexing and query performance. Extensive experiments on real-world datasets demonstrate that, when

compared to state-of-the-art subspace collision methods, TaCo achieves up to 8× speedup in indexing and

reduces to 0.6× memory footprint, while achieving over 1.5× query throughput. Moreover, TaCo achieves

state-of-the-art indexing performance and provides an effective balance between indexing and query efficiency,

even when compared with advanced methods beyond the subspace-collision paradigm.
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1 Introduction
Background and Problem. Nearest Neighbor Search (NNS) on high-dimensional vectors is a

fundamental problem for numerous applications, such as recommendation systems [66], information

retrieval [40], and data mining [69]. However, NNS in high-dimensional spaces is challenging due
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to the curse of dimensionality phenomenon [9, 15, 35, 51, 52, 54]. In practice, Approximate Nearest

Neighbor Search (ANNS) is often used as an alternative approach, achieving huge efficiency

gains by sacrificing some query accuracy [49, 70, 79]. With the development of Large Language

Models (LLMs) [98], ANNS has received a lot of attention. For example, Retrieval Augmented

Generation (RAG) leverages ANNS to add context to an LLM query [21, 29, 45], and Key-Value

Cache (KVCache) adopts ANNS to accelerate the model inference process [17, 53, 97]. Depending

on the storage medium of indexes and datasets, ANNS methods can be divided into in-memory

methods [28, 30, 55, 89] and memory-disk hybrid methods [13, 36, 75]. In this paper, we focus on

in-memory methods due to their widespread application.

Prior Work. Numerous excellent ANNS methods have been developed, falling into four cate-

gories: locality-sensitive hashing (LSH)-based methods [2, 44, 71, 87, 89, 100], vector quantization

(VQ)-based methods [6, 27, 28, 30, 37, 58], tree-based methods [8, 42, 65, 77, 78, 81], and graph-based

methods [4, 24, 33, 55, 72, 99]. Although each category of methods exhibits distinct strengths,

they commonly face inherent limitations that restrict their ability to simultaneously perform well

in index construction and query answering [49]. Subspace Collision is a newly proposed ANNS

framework [86]. Within the subspace collision framework, the original high-dimensional space is

first partitioned into 𝑁𝑠 subspaces. Subsequently, collisions between the query point and data points

are counted within each subspace. A data point is considered to collide with a query in a subspace

if it ranks among the points with the closest distance (within that subspace) to that query. For any

data point, its number of collisions in all subspaces is defined as the SC-score metric, an integer

value ranging from 0 to 𝑁𝑠 . Empirical analysis in various datasets shows that the SC-score metric

adheres to the Pareto principle (also known as the 80-20 rule), which makes it an efficient proxy for

the Euclidean distance between the query point and data points. SuCo [86] is the first approach
designed for the subspace collision framework. The corresponding experiments demonstrate that

SuCo achieves state-of-the-art performance.

Limitations and Motivation. Although the subspace collision framework fits the ANNS tasks

well and SuCo shows superior performance, we identify some limitations that need to be fixed. (1)

The subspace collision framework employs a naive, data-agnostic subspace partitioning mechanism:

uniformly dividing the original 𝑑-dimensional space into 𝑁𝑠 fixed-size subspaces of 𝑠 = ⌊ 𝑑
𝑁𝑠
⌋

dimensions. This mechanism disregards inherent data distributions, resulting in subspaces with

imbalanced statistical properties. However, the SC-score metric still assigns equal weight to all

subspaces during computation despite this imbalance. Consequently, designing a data-adaptive
subspace partitioning mechanism becomes essential to mitigate errors arising from data skew

across subspaces. (2) The query strategies of the subspace collision framework are query-oblivious,
employing the same query overhead for all queries. However, empirical studies confirm significant

performance variance across queries in ANNS tasks [46, 80]. This rule also applies to the subspace

collision framework. For instance, some queries demonstrate highly discriminative SC-score dis-

tributions, thus high recall can be achieved by re-ranking only the top-scoring data points. In

contrast, other queries exhibit poor SC-score discriminability, requiring larger candidate sets during

re-ranking to achieve comparable recall. Consequently, it is necessary to design query-aware query
answering strategies for the subspace collision framework to dynamically adjust to the query over-

head. (3) Although SuCo’s inverted multi-index (IMI) demonstrates competitive performance, the

dynamic activation algorithm designed for IMI is not scalable enough. By maintaining the activation

list via a linear array, the Dynamic Activation algorithm [86] incurs linear query complexity. While

the linear design performs satisfactorily with a small length of the IMI list, it becomes an efficiency

bottleneck when a large list length is required for higher indexing precision. Thus, designing a

more scalable algorithm for IMI index structure becomes essential.
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Our Method. In this paper, we propose a data-adaptive and query-aware subspace collision
framework for ANNS and design a novel method, named TaCo, which exhibits superior performance

in both index construction and query processing compared to state-of-the-art ANNS methods.

First, we analyze the data-agnostic issue of the original subspace collision framework, which

fails to account for inherent data distributions, resulting in subspaces with imbalanced statistical

properties. To address this issue, we formulate an entropy-averaging optimization problem and show

that it can be solved efficiently, which leads to the design of a subspace-oriented data transformation
mechanism. This transformation makes the subspace collision framework data-adaptive and enables
more accurate subspace partitioning. Furthermore, the transformation reduces dimensionality by

40% to 96% across different datasets, leading to significant improvements in both indexing and

query efficiency. Second, we analyze the query-oblivious issue of the original subspace collision

framework, i.e., using the same strategy for all queries results in wasted query overhead. To address

this issue, we design a query-aware candidate selection mechanism that leverages the distribution of

SC-scores (an intermediate query state) to dynamically adjust the query overhead for each individual
query. This mechanism makes the subspace collision framework query-aware and improves the

query efficiency. Third, we analyze the scalability issue of the query algorithm for inverted multi-

index (IMI) structure, revealing that its performance under fine-grained indexes is constrained by

the linear query complexity. To address this issue, we design a scalable dynamic activation algorithm
that employs a min-heap structure to reduce the query complexity to O(1). This advancement

supports efficient querying even with highly fine-grained indexes. Fourth, integrating the above

designs, we propose a data-adaptive and query-aware subspace collision method, abbreviated as

TaCo. To systematically evaluate the proposed optimization techniques, we also present three

ablation methods based on SuCo, where SuCo [86] is the state-of-the-art subspace collision-based

method. Fifth, we conduct extensive experiments on real-world datasets. Empirical results show

that when compared with subspace collision-based methods, TaCo achieves up to 8× speedups in

indexing while consuming only 0.6× memory. In terms of query performance, TaCo achieves over

1.5× query throughput at equivalent high recall. Moreover, TaCo achieves state-of-the-art indexing

performance and provides an effective balance between indexing and query efficiency, even when

compared with advanced methods beyond the subspace-collision paradigm.

Our main contributions are summarized as follows.

• We design a subspace-oriented data transformation mechanism by formulating an entropy-

averaging optimization problem and showing that it can be solved efficiently. This approach

achieves balanced subspace partitioning with impressive dimensionality reduction, thereby

enhancing the subspace collision framework with data adaptability.

• We present query-aware and scalable query strategies that dynamically adjusts the overhead

for each individual query and accelerate the collision probing within each subspace, thereby

enhancing the subspace collision framework with query awareness and scalability.

• We propose a data-adaptive and query-aware subspace collision method named TaCo, which

supports efficient and accurate ANN search while maintaining the excellent balance between

indexing and query performance inherent to subspace collision-based methods.

• We conduct extensive experiments demonstrating that when compared to state-of-the-art

subspace collision methods, TaCo achieves up to 8× speedup in indexing and reduces to 0.6×
memory footprint, while achieving over 1.5× query throughput. Moreover, TaCo achieves

state-of-the-art indexing performance and provides an effective balance between indexing and

query efficiency, even when compared with advanced methods beyond the subspace-collision

paradigm.
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Table 1. Notations

Notation Description

R𝑑 𝑑-dimensional Euclidean space

D Dataset of points in R𝑑

𝑛 Dataset cardinality |D|
𝑜, 𝑞 A data point in D and a query point in R𝑑

𝑜∗𝑖 The 𝑖-th nearest data point to 𝑞 in D
𝑜𝑖 The 𝑖-th data point in D

∥𝑜1, 𝑜2∥ The Euclidean distance between 𝑜1 and 𝑜2

𝑜 ′, 𝑞′ 𝑜 and 𝑞 in a subspace

𝑁𝑠 Number of subspaces

𝑠 Dimension of each subspace

𝑆𝑖 ,D𝑖 The 𝑖-th subspace and all data points in 𝑆𝑖
𝑜𝑖𝑗 , 𝑞

𝑖
The 𝑗-th data point and 𝑞 in the 𝑖-th subspace

𝛼 Collision ratio

𝛽 Re-rank ratio

𝐾, 𝑡 Number of K-means clusters and iterations

2 Preliminaries
2.1 Problem Definition
Definition 1 (Nearest Neighbor Search, NNS). Given a datasetD of 𝑛 data points in 𝑑-dimensional

Euclidean space R𝑑
and a query 𝑞 ∈ R𝑑

. An NNS returns a point 𝑜∗ ∈ D which has the minimum

Euclidean distance to 𝑞 among all points in D, i.e., for each 𝑜 ∈ 𝐷 satisfying ∥𝑞, 𝑜∗∥ ≤ ∥𝑞, 𝑜 ∥.
Definition 2 (𝑘-Nearest Neighbor Search, 𝑘-NNS). Given a dataset D of 𝑛 data points in 𝑑-

dimensional Euclidean space R𝑑
, a query 𝑞 ∈ R𝑑

, and an integer 𝑘 . Let 𝑜∗𝑖 be the 𝑖-th exact nearest

neighbor of 𝑞 in D, and B = {𝑜∗
1
, 𝑜∗

2
, . . . , 𝑜∗

𝑘
}. A 𝑘-NNS returns 𝑘 points R = {𝑜1, 𝑜2, . . . , 𝑜𝑘 },

satisfying R = B.
Definition 3 (𝑘-Approximate Nearest Neighbor Search, 𝑘-ANNS). Given a dataset D of 𝑛 data

points in 𝑑-dimensional Euclidean space R𝑑
, a query 𝑞 ∈ R𝑑

, an approximation ratio 𝑐 > 1, and

an integer 𝑘 . Let 𝑜∗𝑖 be the 𝑖-th exact nearest neighbor of 𝑞 in D. A 𝑘-ANNS returns 𝑘 points

𝑜1, 𝑜2, . . . , 𝑜𝑘 . For each 𝑜𝑖 ∈ 𝐷 satisfying ∥𝑞, 𝑜𝑖 ∥ ≤ 𝑐 ·


𝑞, 𝑜∗𝑖 

, where 𝑖 ∈ [1, 𝑘].

In practice, many 𝑘-ANNS implementations do not explicitly rely on an approximation ratio

𝑐 during query processing; instead, they constrain the quality of the results through evaluation

metrics [55, 86]. Let R∗ = {𝑜∗
1
, 𝑜∗

2
, . . . , 𝑜∗

𝑘
} be the ground truth set of exact 𝑘 nearest neighbors for

query 𝑞 in dataset D, and R = {𝑜1, 𝑜2, . . . , 𝑜𝑘 } represent the returned result set. 𝑘-ANNS seeks to

maximize 𝑟𝑒𝑐𝑎𝑙𝑙 =
| R∩R∗ |

𝑘
to obtain higher quality results.

2.2 Subspace Collision Framework
Subspace Collision is a newly proposed ANNS framework [86]. Specifically, subspace collision is

inspired by an intuition: two data points that are close in the high-dimensional original space are

also more likely to be close in a common subspace. However, the distances between data points

are not uniformly distributed across dimensions, which can cause the above intuition to fail. To

overcome this problem, the authors proposed the definitions of subspace sampling, subspace collision,
and SC-score.
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(a) DEEP1M: 𝑁𝑠=8, 𝛼=0.05 (b) GIST1M: 𝑁𝑠=8, 𝛼=0.05

(c) Yandex DEEP10M: 𝑁𝑠=8, 𝛼=0.1 (d) SPACEV10M: 𝑁𝑠=10, 𝛼=0.1

Fig. 1. “Pareto principle” of SC-score.

Definition 4 (Subspace Sampling). Given a dataset D of 𝑛 data points in 𝑑-dimensional space, we

adopt a multi-round sampling strategy to obtain 𝑁𝑠 subspaces. In round 𝑖 , a number of 𝑠 = ⌊ 𝑑
𝑁𝑠
⌋

dimensions are uniformly sampled without replacement to form a subspace 𝑆𝑖 , 𝑖 = 1, 2, . . . , 𝑁𝑠 − 1.

For the last subspace 𝑆𝑁𝑠
, it simply pick up all remaining dimensions.

Definition 5 (Subspace Collision). Given a dataset D of 𝑛 data points in 𝑑-dimensional space,

a query 𝑞 ∈ R𝑑
, and a collision ratio 𝛼 ∈ (0, 1). We randomly select 𝑠 dimensions from all 𝑑

dimensions as a subspace R𝑠
(𝑠 < 𝑑). The dataset D, the data point 𝑜 , and the query point 𝑞 in this

subspace are denoted as D′, 𝑜 ′, and 𝑞′. If a point 𝑜 ∈ D satisfies: 𝑜 ′ is one of the (𝛼 · 𝑛)-NNs of 𝑞′
in D′, we say that 𝑜 collides with 𝑞 in the subspace R𝑠

.

Definition 6 (SC-score). Given a datasetD of 𝑛 data points in 𝑑-dimensional space, a query 𝑞 ∈ R𝑑
,

𝑁𝑠 𝑠-dimensional subspaces, a collision ratio 𝛼 ∈ (0, 1). Probe collisions of 𝑞 in 𝑁𝑠 subspaces with

the collision ratio 𝛼 . For a data point 𝑜 ∈ D, its SC-score is the number of subspaces where it

collides with 𝑞. Therefore, SC-score is an integer in [0, 𝑁𝑠 ].

Subspace sampling (Def. 4) provides a strategy for subspace partitioning. In practice, for con-

venience, the 𝑑-dimensional high-dimensional space is typically partitioned uniformly into 𝑁𝑠

subspaces with equal dimensions 𝑠 = ⌊ 𝑑
𝑁𝑠
⌋. Subspace collision (Def. 5) quantifies the similarity

between data points and the query point within a single subspace, mitigating the influence of

intra-subspace distance rankings on final results. Conversely, the SC-score (Def. 6) integrates

collision outcomes across multiple subspaces to alleviate significant errors potentially introduced

by any single subspace.

An exciting observation is that SC-score follows the “Pareto principle” (also known as the 80-20

rule), which makes it an efficient proxy for the Euclidean distance. Specifically, as shown in Figure 1,
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the top 20% of data points nearest to the query exhibit discriminatively high SC-scores, while the

remaining 80% of the data points have low SC-scores with poor discriminability. This phenomenon

enables us to selectively process high-scoring data points to obtain high-recall ANNS results with

minimal computational overhead.

2.3 SC-Linear and SuCo Methods
SC-Linear [86] is a baseline ANNS method (without index structure) designed for the subspace

collision framework. The core logic of the algorithm comprises three sequential phases: (1) Collision

counting: for each subspace, probing colliding data points with the query based on actual Euclidean

distances; (2) Candidate selection: select a set of high-quality candidates by sorting data points

according to SC-score in descending order; (3) Result refinement: re-rank all candidate points in the

original space and return the top-𝑘 results. Experimental results demonstrate SC-Linear achieves

over 0.99 recall on benchmark datasets, validating the subspace collision framework’s efficacy for

high-accuracy ANNS.

SuCo [86] is the state-of-the-art ANNS method developed upon the subspace collision framework.

Compared with SC-Linear, SuCo further solves the problem of “how to count collisions in each
subspace as quickly and accurately as possible”. Specifically, SuCo adopts the inverted multi-index
(IMI) [6] as the index structure, and designs the Dynamic Activation Algorithm for IMI to achieve

efficient query. Experimental results confirm that SuCo achieves significantly higher efficiency

than SC-Linear with an acceptable sacrifice of accuracy. SuCo also achieves superior performance

in both index construction and query answering compared to state-of-the-art ANNS methods, such

as HNSW [55], OPQ [30], and DET-LSH [89].

3 Data-adaptive Subspace Collision
3.1 Problem Analysis
As introduced in Section 2.2, the subspace collision framework adopts a naive, data-agnostic sub-
space partitioning mechanism that uniformly divides the original 𝑑-dimensional space into 𝑁𝑠

fixed-size subspaces of 𝑠 = ⌊ 𝑑
𝑁𝑠
⌋ dimensions. This mechanism ignores the inherent data distribution

and assigns equal weight to all subspaces. However, due to the data skew across subspaces, the sig-

nificance of subspaces is imbalanced in practice. Therefore, it is necessary to design a data-adaptive
subspace partitioning mechanism to mitigate errors arising from data skew across subspaces.

Based on characteristic analysis of the subspace collision framework, two potential technical

routes may support data-adaptive subspace partitioning: (1) first partition the subspace, and then

assign different weights to each subspace according to underlying data distributions; or (2) first

transform data points according to underlying data distribution, and then partition them into

subspaces.

For the first technical pathway, we explored various weighting schemes derived from data

dispersion measures, including variance, average distance, and Local Intrinsic Dimensionality

(LID) [38, 41]. However, experimental attempts did not bring about query performance improve-

ments, and even resulted in significant performance loss in some configurations. We attribute the

performance degradation mainly to two factors. First, data dispersion measures have difficulty in

capturing underlying feature correlations, and intra-subspace measurements discard inter-subspace

correlation information. Second, weighted subspaces convert SC-score from an integer to a real-

valued metric, losing the original performance advantage when counting collisions and selecting

candidates.

In this paper, we adopt the second technical route: performing subspace-oriented data trans-

formation before subspace partitioning. This route enables comprehensive feature integration
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𝐵1

𝐵2
random data vector 𝑜

𝐵⊤
2
𝑜

𝐵⊤
1
𝑜

Fig. 2. Illustration of the proposed subspace-oriented entropy averaging approach, with random data vector
𝑜 of mean zero and covariance Σ represented by a 3D ellipsoid.

across all dimensions during the data transformation, while preserving integer-based SC-score

computation, thereby achieving an effective balance between accuracy and efficiency. The following

section presents our subspace-oriented data transformationmethodology for realizing data-adaptive

subspace collision.

3.2 Subspace-oriented Data Transformation via Entropy Averaging
In this section, we describe the motivation and a few theoretical properties of the proposed Subspace-

oriented Data Transformation method in Algorithms 1 and 2.

As motivated above in Section 3.1, here we aim to design a data-adaptive subspace collision
framework that takes account of the heterogeneity in the (different subspaces of the) data. To model

data having different variability in its coordinates, we consider that the input data 𝑜 are of mean

zero and covariance Σ (that is assumed positive definite and can be different from the identity

matrix). Note in particular that we do not need to assume the data distribution (e.g., that they are

Gaussian), but that the covariance exists. We aim to find a linear transformation 𝐵 ∈ R𝑑×(𝑁𝑠 ·𝑠 )

that “projects” the input 𝑜 into 𝑁𝑠 subspaces of dimension 𝑠 each, in a data-adaptive way described

above.

In this paper, we adopt differential entropy [1] from information theory to measure the distribu-

tional differences of data in different subspaces. It is commonly used to quantify the uncertainty or

information content of (the distribution of) random data. Precisely, for input data 𝑜 ∈ R𝑑
, consider

partitioning the linear transformation 𝐵 into 𝑁𝑠 blocks as follow:

𝐵 =
[
𝐵1 𝐵2 . . . 𝐵𝑁𝑠

]
, 𝐵 𝑗 ∈ R𝑑×𝑠 , 𝑗 ∈ {1, . . . , 𝑁𝑠 }. (1)

Then, the 𝑗𝑡ℎ subspace after transformation is 𝐵⊤𝑗 𝑜 ∈ R𝑠
. If the obtained 𝑁𝑠 subspaces after

transformation have approximately equal differential entropy, it signifies that the data information

is equally spread over all subspaces (quantitatively measured by the area/volume of the “information

ellipsoids” on the projected subspaces, as shown in Figure 2).

Since the data vector 𝑜 is of mean zero and covariance Σ, each its subspace projection 𝐵⊤𝑗 𝑜

is of mean zero and covariance 𝐵⊤𝑗 Σ𝑅 𝑗 . Our goal is to find a linear transformation 𝐵 such that,

after transformation, the obtained subspaces 𝐵⊤𝑗 𝑜 are “uniform” in the sense of having balanced
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Algorithm 1: Subspace-oriented Data Transformation

Input: Dataset D = {𝑜1, 𝑜2, . . . , 𝑜𝑛}, dataset size 𝑛, data dimensionality 𝑑 , subspace number

𝑁𝑠 , subspace dimensionality 𝑠

Output: Transformed dataset T
1 Initialize the transformed dataset T with size (𝑛, 𝑁𝑠 · 𝑠);
2 Compute the mean value of D: 𝑜 = 1

𝑛

∑𝑛
𝑖=1
𝑜𝑖 ;

3 Compute the covariance matrix of all points: Σ̂ = 1

𝑛−1

∑𝑛
𝑖=1
(𝑜𝑖 − 𝑜) (𝑜𝑖 − 𝑜)⊤;

4 Perform the spectral decomposition of Σ̂, obtain the eigenvectors E = {𝜉1, 𝜉2, . . . , 𝜉𝑑 } and
their corresponding eigenvalues Λ = {𝜆1, 𝜆2, . . . , 𝜆𝑑 };

5 𝐵 ← call Eigensystem Allocation(E,Λ, 𝑑, 𝑁𝑠 , 𝑠);
6 for 𝑖 = 1 to 𝑛 do
7 for 𝑗 = 1 to 𝑁𝑠 do
8 Obtain the eigenvectors assigned to the 𝑗-th subspace: 𝐵 𝑗 = {𝜉 𝑗

1
, 𝜉

𝑗

2
, . . . , 𝜉

𝑗
𝑠 };

9 For any 𝑜𝑖 ∈ R𝑑
, its transformed representation at the 𝑗-th subspace is:

𝑟
𝑗

𝑖
← 𝐵⊤𝑗 (𝑜𝑖 − 𝑜) = ((𝜉

𝑗

1
)⊤ (𝑜𝑖 − 𝑜), (𝜉 𝑗

2
)⊤ (𝑜𝑖 − 𝑜), . . . , (𝜉 𝑗𝑠 )⊤ (𝑜𝑖 − 𝑜)) ∈ R𝑠

;

10 Concatenate the transformed representations of 𝑜𝑖 in 𝑁𝑠 subspaces (𝑟 1

𝑖 , 𝑟
2

𝑖 , . . . , 𝑟
𝑁𝑠

𝑖
) to

obtain the transformed data point 𝑜 ′𝑖 ∈ R𝑁𝑠 ·𝑠
;

11 T𝑖 ← 𝑜 ′𝑖 ;

12 return the transformed dataset T ;

differential entropies. This leads to the following constrained min-max optimization problem

min

𝑗
max

𝐵 𝑗

ℎ(𝐵⊤𝑗 𝑜),

s.t. 𝐵⊤𝑗 𝐵 𝑗 = 𝐼𝑠 ,
(2)

where ℎ(𝐵⊤𝑗 𝑜) is the differential entropy of 𝐵⊤𝑗 𝑜 that is continuously distributed. It is known that

for any random vector with given mean and covariance, the multi-variate Gaussian distribution

maximizes the differential entropy [1], with

ℎ(𝐵⊤𝑗 𝑜) ∝ log det(𝐵⊤𝑗 Σ𝐵 𝑗 ), for 𝐵⊤𝑗 𝑜 ∼ N(0, Σ), (3)

that is proportional to the log-determinant of the covariance 𝐵⊤𝑗 Σ𝐵 𝑗 , provided that 𝐵 𝑗 has full rank.

As a consequence, the optimization problem in Equation (2) can be relaxed into the following

min-max problem:

min

𝑗
max

𝐵 𝑗

log det(𝐵⊤𝑗 Σ̂𝐵 𝑗 ),

s.t. 𝐵⊤𝑗 𝐵 𝑗 = 𝐼𝑠 ,
(4)

where we use the sample covariance Σ̂ instead of its population counterpart Σ, and impose the

orthonormal constraint so that each block transformation preserves scale: the data covariance is

neither artificially amplified nor diminished within each subspace.

The min-max optimization problem in (4) can be effectively solved using the Eigensystem

Allocation method described in Algorithm 2, per the following result.

Theorem 1 (Performance Guarantee for Algorithm 2). Assume that the data sample covariance Σ̂
has distinct eigenvalues that are all greater than or equal to one. Then, the Eigensystem Allocation
method in Algorithm 2 solves the optimization problem in Equation (4).
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Algorithm 2: Eigensystem Allocation

Input: Eigenvectors E = {𝜉1, 𝜉2, . . . , 𝜉𝑑 } and eigenvalues Λ = {𝜆1, 𝜆2, . . . , 𝜆𝑑 } of Σ̂, data
dimensionality 𝑑 , subspace number 𝑁𝑠 , subspace dimensionality 𝑠

Output: A set of buckets holding eigenvectors assigned to each subspace

𝐵 = {𝐵1, 𝐵2, . . . , 𝐵𝑁𝑠
}

1 Initialize a set of 𝑁𝑠 empty buckets 𝐵 = {𝐵1, 𝐵2, . . . , 𝐵𝑁𝑠
} to hold the eigenvectors assigned

to each subspace;

2 Initialize 𝑁𝑠 values 𝑝1 = 𝑝2 = . . . = 𝑝𝑁𝑠
= 1 to hold the product of the eigenvalues assigned

to each subspace;

3 Scale the eigenvalues proportionally such that ∀𝜆𝑖 ∈ Λ, 𝜆𝑖 ≥ 1;

4 Reorder the eigenvalues and eigenvectors in descending order: E′ = {𝜉 ′
1
, 𝜉 ′

2
, . . . , 𝜉 ′

𝑑
},

Λ′ = {𝜆′
1
, 𝜆′

2
, . . . , 𝜆′

𝑑
}, such that 𝜆′

1
≥ 𝜆′

2
≥ . . . ≥ 𝜆′

𝑑
≥ 1;

5 for 𝑖 = 1 to 𝑁𝑠 · 𝑠 do
6 𝑏𝑢𝑐𝑘𝑒𝑡 ← argmin

𝑗∈{1,2,...,𝑁𝑠 }, |𝐵 𝑗 |<𝑠
𝑝 𝑗 ;

7 𝐵𝑏𝑢𝑐𝑘𝑒𝑡 ← 𝐵𝑏𝑢𝑐𝑘𝑒𝑡 ∪ {𝜉 ′𝑖 };
8 𝑝𝑏𝑢𝑐𝑘𝑒𝑡 ← 𝑝𝑏𝑢𝑐𝑘𝑒𝑡 · 𝜆′𝑖 ;
9 return the eigenvectors allocation set 𝐵;

Proof of Theorem 1. To show that Eigensystem Allocation in Algorithm 2 solves the optimiza-

tion problem in (4), we first focus on the inner maximization problem: Denote 𝜆1 > . . . > 𝜆𝑑 and

𝜇1 ≥ . . . ≥ 𝜇𝑠 the eigenvalues of Σ̂ and 𝐵⊤𝑗 Σ̂𝐵 𝑗 , respectively (in descending order), we have, by the

Poincaré separation theorem (also known as general Cauchy interlacing theorem) that

𝜆𝑖 ≥ 𝜇𝑖 ≥ 𝜆𝑑−𝑠+𝑖 , 𝑖 = 1, . . . , 𝑠, (5)

that is, each eigenvalue 𝜇𝑖 of 𝐵
⊤
𝑗 Σ̂𝐵 𝑗 lies between two eigenvalues of Σ̂. Since the logarithm function

is monotonically increasing, maximizing the (log-)determinant in (4) is equivalent to maximizing

the product of eigenvalues. We formally have, by (5), that

max

𝐵⊤
𝑗
𝐵 𝑗=𝐼𝑠

det(𝐵⊤𝑗 Σ̂𝐵 𝑗 ) =
𝑠∏
𝑖=1

𝜆𝑖 , (6)

and the maximum is achieved by taking 𝐵 𝑗 to be the associated eigenvectors, i.e., 𝐵 𝑗 = [𝜉1, . . . , 𝜉𝑠 ].
Further note that the greedy procedure in Algorithm 2 finds the optimal “balanced” partition

𝐵1, . . . , 𝐵𝑁𝑠
that solves the outer minimization problem of (4). This concludes the proof. □

3.3 SC-score Distribution after Transformation
In this section, we explore the neighborhood relationship of the data after the subspace-oriented

transformation. We first analyze the SC-score distributions of the transformed data on four datasets

under a unified experimental setting, with 𝑁𝑠 = 6, 𝑠 = 8, and 𝛼 = 0.05. Figure 3 shows that the

SC-score of the transformed data still follows the Pareto principle, exhibiting the same statistical

behavior as the original (untransformed) data shown in Figure 1. Experimental results indicate that,

the transformed data preserves the good neighborhood relationships of the original data.

To investigate the underlying mechanism behind this phenomenon, in the remainder of this

section, we perform rigorous theoretical analyses showing that the transformation introduced
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(a) DEEP1M (b) GIST1M

(c) Yandex DEEP10M (d) Microsoft SPACEV10M

Fig. 3. SC-score of the transformed data still follows the Pareto principle as the original data in Figure 1.

in Algorithm 2 preserves (pairwise) local distances (Lemma 1), and consequently the relative

neighborhood ordering (Theorem 2).

Lemma 1 (Local Distance Preservation for Algorithm 2). LetD = {𝑜𝑖 }𝑛𝑖=1
∈ R𝑑 be a dataset, and let

𝐵 ∈ R𝑑×(𝑁𝑠 ·𝑠 ) denote the transformation returned by Algorithm 2, i.e., 𝐵 =
[
𝐵1 𝐵2 . . . 𝐵𝑁𝑠

]
, with

𝐵 𝑗 ∈ R𝑑×𝑠 and 𝑁𝑠 · 𝑠 ≤ 𝑑 . For any point 𝑜𝑖 ∈ D and its neighbor 𝑜 𝑗 , assume that the local difference
vector satisfies

∥(𝐼𝑑 − 𝐵𝐵⊤) (𝑜𝑖 − 𝑜 𝑗 )∥2 ≤ 𝜀 ∥𝑜𝑖 − 𝑜 𝑗 ∥2, (7)

for some 𝜀 ∈ (0, 1). Then, the distance after transformation satisfies1

(1 − 𝜀) ∥𝑜𝑖 − 𝑜 𝑗 ∥2 ≤ ∥𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 )∥2 ≤ ∥𝑜𝑖 − 𝑜 𝑗 ∥2. (8)

Proof of Lemma 1. Recall from Algorithm 2 that 𝐵 ∈ R𝑑×(𝑁𝑠 ·𝑠 )
contains eigenvectors of Σ̂ as

its columns, so that 𝐵𝐵⊤ is an orthogonal projection matrix. As a consequence, 𝑜𝑖 − 𝑜 𝑗 ∈ R𝑑

can be decomposed as the sum of the projection 𝐵𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 ) and the corresponding residue

(𝐼𝑑 − 𝐵𝐵⊤) (𝑜𝑖 − 𝑜 𝑗 ), with
∥𝑜𝑖 − 𝑜 𝑗 ∥2 = ∥𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 )∥2 + ∥(𝐼𝑑 − 𝐵𝐵⊤) (𝑜𝑖 − 𝑜 𝑗 )∥2 . (9)

Rearranging (9) gives

∥𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 )∥2 = ∥𝑜𝑖 − 𝑜 𝑗 ∥2 − ∥(𝐼𝑑 − 𝐵𝐵⊤) (𝑜𝑖 − 𝑜 𝑗 )∥2 . (10)

By (7), the second term on the right-hand side is bounded by 𝜀∥𝑜𝑖−𝑜 𝑗 ∥2, which yields the lower bound
in (8). The upper bound follows directly from the non-expansiveness of orthogonal projection. □
1
The assumption of the form in (7) has been established for random data points drawn from the so-called spiked random

matrix model, see [15, 39, 64].
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Fig. 4. Overview of the TaCo workflow.

With Lemma 1 at hand, we show next in Theorem 2 that Algorithm 1 is guaranteed to preserve

relative neighborhood ordering under the conditions of Lemma 1.

Theorem 2 (Relative Neighborhood Ordering Preservation for Algorithm 1). Under the notations
and conditions of Lemma 1, consider two points 𝑜 𝑗 , 𝑜𝑧 ∈ D such that

∥𝑜𝑖 − 𝑜 𝑗 ∥2 < (1 − 𝜀) ∥𝑜𝑖 − 𝑜𝑧 ∥2. (11)

Then, their relative ordering with respect to 𝑜𝑖 is preserved after the transformation through 𝐵, in the
sense that

∥𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 )∥ < ∥𝐵⊤ (𝑜𝑖 − 𝑜𝑧)∥. (12)

Proof of Theorem 2. It follows from Lemma 1 that

∥𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 )∥2 ≤ ∥𝑜𝑖 − 𝑜 𝑗 ∥2 and ∥𝐵⊤ (𝑜𝑖 − 𝑜𝑧)∥2 ≥ (1 − 𝜀) ∥𝑜𝑖 − 𝑜𝑧 ∥2.
Combining these two inequalities with (11) yields

∥𝐵⊤ (𝑜𝑖 − 𝑜 𝑗 )∥2 < ∥𝐵⊤ (𝑜𝑖 − 𝑜𝑧)∥2 .
This concludes the proof of Theorem 2. □

4 The TaCo Method
In this section, we describe a data-adaptive and query-aware subspace collision method called

TaCo. Figure 4 illustrates the TaCo workflow. During index construction, subspace-oriented data

transformation is first applied, reducing data dimensionality from 𝑑 to 𝑁𝑠 · 𝑠 . The transformed

data is then partitioned into 𝑁𝑠 subspaces, and an inverted multi-index (IMI) is constructed in

each subspace. During query answering, the query undergoes transformation consistent with the

index construction and is subsequently partitioned into 𝑁𝑠 subspaces. The novel Scalable Dynamic
Activation algorithm is then executed on each subspace’s IMI to enable efficient collision counting.

Next, the Query-aware Candidates Selection algorithm identifies candidate points based on the

collision distribution of each query. The final step involves refining the candidate set and returning

the top-𝑘 results.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 241. Publication date: June 2026.



241:12 Jiuqi Wei et al.

Algorithm 3: Create Index
Input: Dataset D, dataset size 𝑛, data dimensionality 𝑑 , subspace number 𝑁𝑠 , subspace

dimensionality 𝑠 , number of K-means clusters 𝐾 , K-means iterations 𝑡

Output: Centroid list 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 and inverted multi-index list 𝐼𝑀𝐼𝑠

1 T ← call Subspace-oriented Data Transformation(D, 𝑛, 𝑑, 𝑁𝑠 , 𝑠);
2 Divide the transformed dataset T into 𝑁𝑠 subspaces: T1,T2, . . . ,T𝑁𝑠

, each with 𝑠 dimensions;

3 Initialize a list 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 of length 2𝑁𝑠 and a list 𝐼𝑀𝐼𝑠 of length 𝑁𝑠 ;

4 for 𝑖 = 1 to 𝑁𝑠 do
5 Initialize a map 𝐼𝑀𝐼𝑖 as the inverted multi-index;

6 Further split T𝑖 into two parts: T 1

𝑖 and T 2

𝑖 ;

7 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠1

𝑖 , 𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠
1

𝑖 ← call Kmeans(T 1

𝑖 ,
√
𝐾, 𝑡);

8 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠2

𝑖 , 𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠
2

𝑖 ← call Kmeans(T 2

𝑖 ,
√
𝐾, 𝑡);

9 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠.𝑎𝑝𝑝𝑒𝑛𝑑 (𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠1

𝑖 , 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠
2

𝑖 );
10 for 𝑗 = 0 to 𝑛 − 1 do
11 𝐼𝑀𝐼𝑖 [𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠1

𝑖 [ 𝑗], 𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠2

𝑖 [ 𝑗]] .𝑎𝑝𝑝𝑒𝑛𝑑 ( 𝑗);
12 𝐼𝑀𝐼𝑠.𝑎𝑝𝑝𝑒𝑛𝑑 (𝐼𝑀𝐼𝑖 );
13 return 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 and 𝐼𝑀𝐼𝑠 ;

4.1 Index Construction
As analyzed in Section 3, subspace-oriented data transformation is a prerequisite for adapting the

subspace collision framework to the data distribution. This process is formalized in Algorithm 1.

First, compute the mean vector and covariance matrix of data points, and perform the spectral de-

composition to obtain eigenvalues and eigenvectors (lines 2-4). Algorithm 2 (detailed subsequently)

is then invoked to generate the subspace-oriented eigenvector allocation set (line 5). Within each

subspace, all data points are transformed using the assigned 𝑠 eigenvectors (lines 6-9). The con-

catenation of these subspace-specific transformed representations produces the final transformed

dataset of dimensionality 𝑁𝑠 · 𝑠 (lines 10-12).
Algorithm 2 presents the eigensystem allocation procedure, which provides the optimal solution

for balanced subspace partition, as proven in Section 3.2. Specifically, 𝑁𝑠 eigenvector buckets and

eigenvalue product trackers are created (lines 1-2). Eigenvalues are scaled for ease of calculation

(line 3), then reordered with corresponding eigenvectors in descending sequence (line 4). The eigen-

system allocation sequentially processes the top 𝑁𝑠 · 𝑠 eigenvectors in descending eigenvalue order

(line 5). For each eigenvector being processed (corresponding to the largest available eigenvalue),

the bucket with the minimum product of the eigenvalues is selected. Each bucket contains no

more than 𝑠 eigenvectors (line 6). The eigenvector is then assigned to the selected bucket and

the corresponding eigenvalue product tracker is updated (lines 7-8). The finalized eigenvector

allocation set is returned (line 9).

Figure 4 illustrates the workflow of TaCo for index construction, while Algorithm 3 provides the

corresponding pseudocode. The process begins by invoking the Subspace-oriented Data Transforma-
tion algorithm to the original dataset, resulting in a transformed dataset with reduced dimensionality

𝑁𝑠 ·𝑠 (line 1). This transformed dataset is then partitioned into 𝑁𝑠 subspaces, each of dimensionality

𝑠 (line 2). For each subspace, the algorithm constructs a separate inverted multi-index (lines 4-12).

First, the subspace data is split into two disjoint parts in terms of dimension (line 6). Each part is then

clustered using K-means with

√
𝐾 centroids and 𝑡 iterations, generating two sets of centroids and

corresponding assignment labels for all data points (lines 7-8). To enable efficient retrieval during
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Algorithm 4: Scalable Dynamic Activation

Input: Collision ratio 𝛼 , dataset size 𝑛, number of K-means clusters 𝐾 , distances and indices

of the first and second parts in a subspace 𝑑𝑖𝑠𝑡𝑠1, 𝑖𝑑𝑥1, 𝑑𝑖𝑠𝑡𝑠2, 𝑖𝑑𝑥2, the inverted

multi-index 𝐼𝑀𝐼

Output: Clusters containing data points that collide with 𝑞
1 Initialize a list 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 , a min heap 𝑎𝑐𝑡𝑖𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 , an array 𝑎𝑐𝑡𝑖𝑣𝑒_𝑖𝑑𝑥 of length√

𝐾 and set to 0;

2 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑛𝑢𝑚 ← 0;

3 𝑎𝑐𝑡𝑖𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠.𝑝𝑢𝑠ℎ(𝑝𝑎𝑖𝑟 < 𝑑𝑖𝑠𝑡𝑠1 [𝑖𝑑𝑥1 [0]] + 𝑑𝑖𝑠𝑡𝑠2 [𝑖𝑑𝑥2 [0]], 0 >);
4 while TRUE do
5 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑐𝑒𝑙𝑙 ← 𝑎𝑐𝑡𝑖𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 .𝑡𝑜𝑝 ();
6 𝑝𝑜𝑠 ← 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑐𝑒𝑙𝑙 .𝑠𝑒𝑐𝑜𝑛𝑑 ;

7 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ← 𝐼𝑀𝐼 [𝑖𝑑𝑥1 [𝑝𝑜𝑠], 𝑖𝑑𝑥2 [𝑎𝑐𝑡𝑖𝑣𝑒_𝑖𝑑𝑥 [𝑝𝑜𝑠]]];
8 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 .𝑎𝑝𝑝𝑒𝑛𝑑 (𝑐𝑙𝑢𝑠𝑡𝑒𝑟 );
9 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑛𝑢𝑚 += 𝑠𝑖𝑧𝑒𝑜 𝑓 (𝑐𝑙𝑢𝑠𝑡𝑒𝑟 );

10 if 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑛𝑢𝑚 ≥ 𝛼 · 𝑛 then
11 break;

12 if 𝑎𝑐𝑡𝑖𝑣𝑒_𝑖𝑑𝑥 [𝑝𝑜𝑠] == 0 and 𝑝𝑜𝑠 <
√
𝐾 − 1 then

13 𝑎𝑐𝑡𝑖𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 .𝑝𝑢𝑠ℎ(𝑝𝑎𝑖𝑟 < 𝑑𝑖𝑠𝑡𝑠1 [𝑖𝑑𝑥1 [𝑝𝑜𝑠 + 1]] + 𝑑𝑖𝑠𝑡𝑠2 [𝑖𝑑𝑥2 [0]], 𝑝𝑜𝑠 + 1 >);
14 𝑎𝑐𝑡𝑖𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠.𝑝𝑜𝑝 ();
15 if 𝑎𝑐𝑡𝑖𝑣𝑒_𝑖𝑑𝑥 [𝑝𝑜𝑠] <

√
𝐾 − 1 then

16 𝑎𝑐𝑡𝑖𝑣𝑒_𝑖𝑑𝑥 [𝑝𝑜𝑠]++;
17 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑐𝑒𝑙𝑙 .𝑓 𝑖𝑟𝑠𝑡 ← 𝑑𝑖𝑠𝑡𝑠1 [𝑖𝑑𝑥1 [𝑝𝑜𝑠]] + 𝑑𝑖𝑠𝑡𝑠2 [𝑖𝑑𝑥2 [𝑎𝑐𝑡𝑖𝑣𝑒_𝑖𝑑𝑥 [𝑝𝑜𝑠]]];
18 𝑎𝑐𝑡𝑖𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 .𝑝𝑢𝑠ℎ(𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑐𝑒𝑙𝑙);

19 return 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 ;

query processing, a map structure is constructed as the inverted multi-index for each subspace. For

each point, its assignment labels from both clustering operations form a composite key within the

map, under which the point’s original identifier is appended to the corresponding cell (lines 10-12).

We note that the main difference between TaCo and SuCo [86] in index construction is that TaCo

achieves balanced subspace partitioning by invoking the Subspace-oriented Data Transformation
function (Algorithm 1), which addresses the data-agnostic subspace partitioning problem encoun-

tered by SuCo’s index structure. The subsequent steps of building an IMI within each subspace

follow the same procedure in both TaCo and SuCo.

4.2 Collision Counting
The Dynamic Activation algorithm was proposed along with SuCo to facilitate efficient collision

counting [86]. However, its scalability remains limited. The algorithm maintains an activation list

via a linear array, resulting in O(𝑙) query complexity and O(1) update complexity, where 𝑙 =
√
𝐾

denotes the length of the IMI list. While this design offers satisfactory performance when 𝑙 is

small, it becomes a bottleneck when a larger 𝑙 is required to improve indexing precision. The linear

query complexity constrains overall efficiency under such conditions. To address this limitation,

we propose the Scalable Dynamic Activation algorithm (Algorithm 4). Experimental results in

Section 5.2.2 demonstrate that the Scalable Dynamic Activation algorithm improves efficiency by
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up to 30% compared to the original Dynamic Activation algorithm. The Scalable Dynamic Activation
algorithm is not only applicable to TaCo, but can also be migrated to any method that uses the IMI

index structure.

Algorithm 4 gives the pseudocode of the Scalable Dynamic Activation algorithm. It begins by

pushing the initial cluster pair with the smallest distance sum into a min heap (line 3). In each

iteration, the cluster combination with the smallest current distance is popped from the min heap

and added to the result set (lines 6-9). The number of data points retrieved is accumulated, and

the algorithm terminates once the accumulated count meets the threshold (lines 10-11). If the

current cluster from the first subspace is being activated for the first time and subsequent clusters

remain available, the next cluster is activated and pushed into the min heap (lines 12-13). The

current cluster’s activation index is incremented, and its next combination in the second subspace

is computed and pushed back into the min heap for further evaluation (lines 14-18). The algorithm

returns all retrieved clusters once the collision requirement is satisfied (line 19). This mechanism

ensures that cluster combinations are retrieved in ascending order of their distance sums, enabling

early termination when sufficient collisions are collected.

The main difference between TaCo and SuCo in the Collision Counting step is that TaCo adopts

a min-heap to manage the activation list in its Scalable Dynamic Activation algorithm, achieving

O(1) query complexity, thereby addressing the linear query complexity problem faced by SuCo’s

Dynamic Activation algorithm. This new data structure introduces corresponding changes to the

algorithm logic, including the use of a pair structure (lines 3, 6, 13, and 17 in Algorithm 4) and the

management of the heap (lines 3, 5, 13, and 18 in Algorithm 4). The logic of sequentially retrieving

data points by dynamically activating cells in the IMI is the same for both TaCo and SuCo.

4.3 Candidate Selection
4.3.1 Overview. The query strategies of SuCo are query-oblivious, employing same query overhead

for all queries [86]. To enhance query efficiency, we aim to design query-aware query strategies for

TaCo. The entire query pipeline offers two opportunities for per-query customization: collision

counting and candidate selection. Collision counting already leverages an early-termination strategy
through the Scalable Dynamic Activation algorithm, achieving optimal overhead adaptation for

distinct queries. However, designing a query-aware candidate selection strategy remains an open

problem. Through statistical analysis of intermediate query states (specifically, the distribution of

SC-scores), we observe that certain queries exhibit highly discriminative SC-score distributions,

where high recall can be achieved by re-ranking only the top-scoring data points. In contrast, other

queries show poor SC-score discriminability, requiring a larger candidate set for re-ranking to

achieve comparable recall. Thus, unlike SuCo, which selects a fixed number 𝛽 · 𝑛 of candidates

for all queries, the Query-aware Candidates Selection algorithm designed for TaCo dynamically

determines the candidate set size per query based on its SC-score distribution.

4.3.2 Algorithm Design. Algorithm 5 provides the pseudocode of the Query-aware Candidates
Selection algorithm, which identifies candidate points based on the collision distribution of each

query. The algorithm begins by initializing an empty candidate set C and an array 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑛𝑢𝑚 of

size 𝑁𝑠 + 1 to count the number of data points for each possible SC-score (lines 1-2). It then iterates

through all data points to populate 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑛𝑢𝑚 according to their SC-scores (lines 3-4). Next,

the algorithm determines a threshold 𝑙𝑎𝑠𝑡_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 starting from the maximum possible score 𝑁𝑠

(line 5). It selects candidates from higher to lower SC-scores (lines 7-8) until the accumulated number

of candidates exceed 𝛽 · 𝑛 (lines 9-12). The algorithm collects all data points whose SC-scores are

no less than 𝑙𝑎𝑠𝑡_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛, forming the candidate set C (lines 13-15). Finally, it returns C together

with the total number of candidates (line 16).
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Algorithm 5: Query-aware Candidates Selection
Input: Dataset D = {𝑜1, 𝑜2, . . . , 𝑜𝑛}, SC-score distribution: 𝑆𝐶_𝑠𝑐𝑜𝑟𝑒𝑠 , re-rank ratio 𝛽 ,

subspace number 𝑁𝑠 , dataset size 𝑛

Output: Selected candidates C and the candidate number

1 Initialize an empty candidate set C ← ∅;

2 Initialize an array 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑛𝑢𝑚 of size 𝑁𝑠 + 1 and set to 0;

3 for 𝑖 = 1 to 𝑛 do
4 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑛𝑢𝑚[𝑆𝐶_𝑠𝑐𝑜𝑟𝑒𝑠 [𝑖 − 1]]++;
5 𝑙𝑎𝑠𝑡_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 ← 𝑁𝑠 ;

6 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒_𝑛𝑢𝑚 ← 0;

7 for 𝑗 = 𝑁𝑠 to 0 do
8 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒_𝑛𝑢𝑚 += 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑛𝑢𝑚[ 𝑗];
9 if 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑛𝑢𝑚[ 𝑗] ≤ 𝛽 · 𝑛 − 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒_𝑛𝑢𝑚 then
10 𝑙𝑎𝑠𝑡_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 -= 1;

11 else
12 break;

13 for 𝑖 = 1 to 𝑛 do
14 if 𝑆𝐶_𝑠𝑐𝑜𝑟𝑒𝑠 [𝑖 − 1] ≥ 𝑙𝑎𝑠𝑡_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 then
15 C = C ∪ {𝑜𝑖 };

16 return the candidate set C and 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒_𝑛𝑢𝑚;

4.3.3 Theoretical Analysis. We now provide a theoretical justification for how the query discrim-

inability affects SC-score distribution and leads to different candidate selection behaviors.

Definition 7 (Query Discriminability). Given a query 𝑞 and the number of subspaces 𝑁𝑠 . As a

consequence of the uniformity of the subspaces after the subspace-oriented data transformation in

Theorem 1, we denote 𝑝∗ the collision probability such that subspace collision happens for a true

nearest neighbor 𝑜∗ ∈ R∗ = {𝑜∗
1
, . . . , 𝑜∗

𝑘
}, and 𝑝 the probability that subspace collision happens for

a non-neighbor 𝑜 ∉ R∗, with 𝑝∗ > 𝑝 . The Discriminability Gap of 𝑞 is defined as Δ(𝑞) = 𝑝∗ − 𝑝 > 0.

Intuitively, for queries with larger discriminability gap Δ(𝑞), the SC-score of a true nearest

neighbor 𝑆𝐶 (𝑜) and that of a non-neighbor 𝑆𝐶 (𝑜∗) are further separated than queries with smaller

discriminability gap. As a consequence, the Type-I error (i.e., the probability that a non-neighbor is

incorrectly classified as a neighbor) and Type-II error (i.e., the probability that a true neighbor is

incorrectly classified as a non-neighbor) are expected to decrease rapidly as Δ(𝑞) grows large. This
intuition is made precise in the following result.

Lemma 2 (SC-score Separation). For a given query 𝑞 and its discriminability gap Δ(𝑞) as in
Definition 7, denote 𝑜∗ a true nearest neighbor of 𝑞 and 𝑜 ∉ R∗ a non-neighbor. Then, the optimal
Type-I and Type-II errors both decay at least at the rate exp

(
−𝑁𝑠Δ

2 (𝑞)
8𝑝 (1−𝑝 )

)
. That is, both errors decay

exponentially fast to zero as 𝑁𝑠 or Δ(𝑞) becomes large.

Proof of Lemma 2. As a consequence of Theorem 1, we have that 𝑆𝐶 (𝑜) the SC-score of 𝑜

follows a binomial distribution with parameters 𝑁𝑠 and 𝑝 , and 𝑆𝐶 (𝑜∗) the SC-score of 𝑜∗ follows a
binomial distribution with parameters 𝑁𝑠 and 𝑝

∗
. The associated Bernoulli KL divergence writes,
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Algorithm 6: 𝑘-ANNS Query
Input: Dataset D, dataset size 𝑛, data dimensionality 𝑑 , a query point 𝑞, number of results 𝑘 ,

subspace number 𝑁𝑠 , subspace dimensionality 𝑠 , collision ratio 𝛼 , re-rank ratio 𝛽 ,

number of K-means clusters 𝐾 , the centroid list 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 , the IMI list 𝐼𝑀𝐼𝑠

Output: 𝑘 nearest points to 𝑞 in D
1 Transform 𝑞 with the eigenvalues obtained from the Subspace-oriented Data Transformation

algorithm;

2 Divide 𝑞 into 𝑁𝑠 subspaces: 𝑞
1, . . . , 𝑞𝑁𝑠

;

3 for 𝑖 = 1 to 𝑁𝑠 do
4 Further split 𝑞𝑖 into two parts 𝑞𝑖

1
and 𝑞𝑖

2
;

5 Calculate the distance between 𝑞𝑖 and centroids in each part, obtain 𝑑𝑖𝑠𝑡𝑠𝑖
1
, 𝑑𝑖𝑠𝑡𝑠𝑖

2
and

sorted indices 𝑖𝑑𝑥𝑖
1
, 𝑖𝑑𝑥𝑖

2
;

6 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 ← call Scalable Dynamic Activation
(𝛼, 𝑛, 𝐾,𝑑𝑖𝑠𝑡𝑠𝑖

1
, 𝑖𝑑𝑥𝑖

1
, 𝑑𝑖𝑠𝑡𝑠𝑖

2
, 𝑖𝑑𝑥𝑖

2
, 𝐼𝑀𝐼𝑠 [𝑖 − 1]);

7 𝑆𝐶_𝑠𝑐𝑜𝑟𝑒𝑠 ← Derived from 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 ;

8 C, 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒_𝑛𝑢𝑚 ← call Query-aware Candidates Selection(D, 𝑆𝐶_𝑠𝑐𝑜𝑟𝑒𝑠, 𝛽, 𝑁𝑠 , 𝑛);
9 return the refined top-𝑘 points closest to 𝑞 in C;

for small Δ(𝑞) as

𝐷 (𝑝 | |𝑝∗) = Δ2 (𝑞)
2𝑝 (1 − 𝑝) +𝑂 (Δ

3 (𝑞)). (13)

Using the Bayes optimal decision rule (that balances the two log-likelihoods) and applying the

(relative entropy) Chernoff bound, we conclude the proof of Lemma 2. □

By operating directly on observable SC-score levels and scanning in descending order, Algo-

rithm 5 implements a query-driven stopping rule, where the decision to stop collecting candidates

is governed solely by the available SC-score ordering and the refinement budget. In summary, Algo-

rithm 5 is both theoretically justified by the SC-score separation properties and practically effective

as it adapts to the intrinsic discriminability of each query without extra estimation overhead.

4.4 𝑘-ANNSQuery
Algorithm 6 illustrates how TaCo supports 𝑘-ANNS queries. The procedure starts by transforming

the query point 𝑞 using the eigenvalues obtained from the Subspace-oriented Data Transformation
algorithm, followed by partitioning the transformed query into 𝑁𝑠 subspaces (lines 1–2). For each

subspace, the distances between the query point and all centroids in both of its divided parts are

calculated, and the indices corresponding to these distances sorted in ascending order are obtained

(lines 3-5). Subsequently, the Scalable Dynamic Activation algorithm is invoked to retrieve clusters

containing data points that collide with query 𝑞 in each subspace (line 6). The collision counts

for all data points are then aggregated accordingly (line 7). After processing all subspaces, the

Query-aware Candidates Selection algorithm is invoked to generate a candidate set based on the

provided SC-score distribution (line 8). Finally, all candidates are refined by their exact distances to

𝑞, and the top-𝑘 points with the smallest distances are returned (line 9).

Algorithm 6 reflects the query pipeline under the subspace collision framework. Since both TaCo

and SuCo are instances of this framework, their overall pipelines are structurally similar. TaCo’s

key innovation lies in the design of the internal modules within the pipeline (Algorithms 1, 4, 5),

which leads to a significant performance gain over the query algorithm used in SuCo.
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5 Experimental Evaluation
In this section, we evaluate the performance of TaCo through self-evaluations and comparative

experiments against state-of-the-art ANNS methods, including both subspace collision-based and

non-subspace collision-based methods. All methods are implemented in C/C++ and parallelized

using OpenMP and/or Pthreads, with SIMD instructions utilized to accelerate computation. TaCo is

developed in C++ and compiled with -O3 optimization. All experiments are performed on a server

with two AMD EPYC 9554 CPUs operating at 3.10 GHz and 756 GB of memory, running Ubuntu

22.04.

5.1 Experimental Setup
Datasets and Queries. We use five public real-world datasets with varying sizes and dimen-

sionalities, which are widely adopted in ANNS studies [28, 55, 86, 89]. The datasets include: 256-

dimensional DEEP1M, 960-dimensional GIST1M, 128-dimensional SIFT10M, 96-dimensional Yandex

DEEP10M, and 100-dimensional Microsoft SPACEV10M. Note that SIFT10M, Yandex DEEP10M,

and Microsoft SPACEV10M are randomly sampled subsets of their corresponding billion-scale

datasets
2
. For each dataset, we randomly select 100 points as query points and remove them from

the original datasets.

Benchmark Methods. We compare TaCo with eleven state-of-the-art in-memory ANN methods,

covering both subspace collision-based and non-subspace collision-based methods. (1) For subspace

collision-based methods: SuCo [86] is the state-of-the-art method under the subspace collision

framework before our work. To evaluate the impact of the our proposed data transformation

and query strategy optimizations on algorithm performance, we propose three ablation methods:

SuCo-DT (SuCo with subspace-oriented data transformation), SuCo-CS (SuCo with query-aware

candidates selection), and SuCo-QS (SuCo with all optimized query strategies). SC-Linear serves
as a baseline that performs linear scan without any index structure. (2) For non-subspace collision-

based methods: IMI-OPQ [30] uses the same IMI structure as TaCo and is recognized for its

strong performance in the FAISS library [18]. DET-LSH [89] follows a query pipeline similar to

TaCo, involving data projection, candidate selection, and final re-ranking. IVF-RaBitQ [27] is the

state-of-the-art quantization method, achieves unbiased estimation and has been widely used in

the industry. HNSW [55] is a widely adopted graph-based method known for its effectiveness in

query processing.MIRAGE [72] and SHG [32] are optimized based on HNSW and demonstrate

strong performance.

Evaluation Measures.We evaluate all methods using six performance measures: indexing time,

index memory footprint, query time, queries per second (QPS), recall, and mean relative error

(MRE) [3, 62, 63]. Among these, indexing time, query time, and QPS reflect efficiency; index memory

footprint indicates storage overhead; and recall and MRE assess the quality of the returned results.

Note that offline data preprocessing steps (e.g., data projection for DET-LSH, data rotation for

IMI-OPQ, and data transformation for TaCo) are not included in the indexing time, which is a

common practice in previous works for evaluating experiments [30, 47, 71, 89]. For a query 𝑞, let

R = {𝑜1, . . . , 𝑜𝑘 } be the returned result set and R∗ = {𝑜∗
1
, . . . , 𝑜∗

𝑘
} be the exact 𝑘-NN set. Recall is

defined as
| R∩R∗ |

𝑘
, and mean relative error (MRE) is defined as

1

𝑘

∑𝑘
𝑖=1

∥𝑞,𝑜𝑖 ∥−∥𝑞,𝑜∗𝑖 ∥
∥𝑞,𝑜∗𝑖 ∥

.

Parameter Settings. Both the indexing and query phases of ANNS methods involve configurable

parameters. For indexing parameters, we adhere to the optimal configurations recommended in

previous studies [19, 20, 49, 76, 86, 89] and empirically validate these configurations to ensure all

methods achieve optimal indexing performance. For query parameters, we dynamically adjust their

2
http://corpus-texmex.irisa.fr; https://big-ann-benchmarks.com/neurips21.html
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Table 2. Comparison on TaCo and SC-Linear

Method Dataset Query Time (ms) Speedup Recall

SC-Linear

DEEP1M 273.7 \ 0.968

SIFT10M 4786.1 \ 0.9906

TaCo

DEEP1M 1.266 216.2 0.9358

SIFT10M 6.705 713.8 0.9726

Table 3. Parameter settings for each dataset

Dataset Dim. 𝑁𝑠 𝑠 Dim. Reduction

DEEP1M 256 6 8 81.25%

GIST1M 960 4 10 95.83%

SIFT10M 128 6 6 71.88%

Yandex Deep10M 96 6 8 50%

Microsoft SPACEV10M 100 6 10 40%

values to examine the trade-offs between query efficiency and accuracy, enabling a comprehensive

evaluation across different settings. For TaCo, SuCo, SuCo-DT, SuCo-CS, and SuCo-QS, 𝑁𝑠 ∈ [4, 10],
𝑠 ∈ [6, 12], 𝛼 ∈ [0.01, 0.1], 𝛽 ∈ [0.001, 0.05]. For IMI-OPQ, 𝑀 = 2, 𝐾 = 2

18
, 𝛽 ∈

[
10
−4, 10

−1

]
. For

DET-LSH, 𝐿 = 4, 𝐾 = 16, 𝛽 ∈ [0.005, 0.2], 𝑐 = 1.5. For IVF-RaBitQ, we adopt the default settings of

the RaBitQ library, i.e., 𝐾 = 2
12
and 𝐵 = 3. For HNSW, 𝑒 𝑓 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 = 200,𝑀 = 25, 𝑒 𝑓 𝑆𝑒𝑎𝑟𝑐ℎ ∈

[300, 3000]. For MIRAGE, 𝑆 = 32, 𝑅 = 4, 𝑖𝑡𝑒𝑟 = 15. For SHG, 𝑀 = 48, 𝑒 𝑓 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 = 80. The

value of 𝑘 in 𝑘-ANNS is set to 50 by default.

5.2 Self-evaluation of TaCo
5.2.1 TaCo vs. SC-Linear. We first compare the query performance between TaCo and SC-Linear

under same parameter settings (𝛼 = 0.05, 𝛽 = 0.005). As shown in Table 2, TaCo achieves a

significant improvement in query efficiency: exceeding 700× speedup on the SIFT10M dataset, with

only a marginal decrease in recall. The speedup ratio increases substantially with the size of the

dataset, demonstrating that TaCo has strong scalability. These results confirm that TaCo’s index

structure and query strategies can be effectively applied to the subspace collision framework for

ANNS.

5.2.2 Scalable Dynamic Activation vs. Dynamic Activation. The Scalable Dynamic Activation algo-

rithm, introduced in Section 4.2, addresses scalability issues in IMI collision counting. Figure 5

compares the efficiency of the Scalable Dynamic Activation and the original Dynamic Activation
algorithms on the SIFT10M dataset under varying numbers of clusters 𝐾 and collision ratios 𝛼 .

When 𝐾 is small, both algorithms perform similarly, with the Dynamic Activation algorithm even

slightly outperforming in some cases. However, as 𝐾 increases, the Scalable Dynamic Activation
algorithm exhibits a notable performance improvement, achieving up to a 30% reduction in query

time. This gain comes from its min-heap structure, which reduces query complexity to O(1) versus
the original’s O(

√
𝐾). For small 𝐾 , heap operations (push and pop) slightly reduce performance

due to update overhead. As 𝐾 increases, the linear query cost of Dynamic Activation becomes a

bottleneck, while the constant-time queries of Scalable Dynamic Activation provide significant

advantages, confirming its superior scalability.
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Fig. 5. Efficiency comparison between Scalable Dynamic Activation and Dynamic Activation algorithms on
SIFT10M.
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Fig. 6. Performance of TaCo when varying the number of subspaces 𝑁𝑠 and the subspace dimensionality 𝑠 on
DEEP1M.

5.2.3 Parameter study. Parameters 𝑁𝑠 and 𝑠 critically affect the indexing and query performance

of TaCo. As shown in Figure 6 (a) and (b), increasing 𝑁𝑠 generally leads to higher indexing time

and memory consumption. While query performance improves initially with 𝑁𝑠 and reaches an

optimum at 𝑁𝑠 = 6, beyond which further increasing 𝑁𝑠 leads to a gradual rise in query time and

may even reduce recall. As shown in Figure 6 (c) and (d), increasing 𝑠 leads to higher computational

costs, consequently resulting in increased indexing and query time. Furthermore, recall reaches

its optimal value at 𝑠 = 6. Table 3 summarizes the optimal parameter settings of TaCo for each

dataset, where 1 − 𝑁𝑠 ·𝑠
𝑑

represents the dimensionality reduction rate. It can be observed that the

dimensionality reduction rates achieved across datasets are impressive, ranging from 40% to as high

as 95.83%. The dimensionality reduction is a key factor contributing to TaCo’s superior indexing

and query efficiency compared to subspace collision-based methods.

5.3 TaCo vs. Subspace Collision Methods
5.3.1 Indexing performance. Figure 7 shows the indexing time and index memory footprint of all

subspace collision-based methods. Note that the indexing time does not include preprocessing time.

Owing to the use of subspace-oriented data transformation in both TaCo and SuCo-DT, these two

methods achieve same indexing performance. Similarly, SuCo-QS, SuCo-CS, and SuCo, which do

not incorporate this transformation, also exhibit same indexing performance. Therefore, we focus

our analysis on comparing TaCo and SuCo. Experimental results indicate that TaCo achieves up to

8× speedups in indexing while consuming only 0.6× memory footprint when compared with SuCo.

This significant improvement can be attributed to three main factors: dimensionality reduction,

fewer subspaces, and code-level optimizations. These results collectively confirm the effectiveness

of the proposed subspace-oriented data transformation in enhancing indexing performance.
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Fig. 9. Performance under different 𝑘 : TaCo vs. subspace collision-based methods.

5.3.2 Query performance. In𝑘-ANNS tasks, a fundamental trade-off exists between query efficiency

and accuracy: longer query processing times generally yield higher-quality results, whereas an

excessive focus on efficiency may compromise result quality. Therefore, a comprehensive evaluation

of query performance must consider both efficiency (measured by QPS) and accuracy (measured by

recall and MRE). Figure 8 presents the recall-QPS and MRE-QPS curves for all subspace collision-

based methods. The results show that TaCo achieves over 1.5× QPS at 0.9 recall when compared

with SuCo. Furthermore, SuCo-DT, SuCo-CS, and SuCo-QS exhibit better query performance

than the original SuCo method. These ablation experiments confirm that the three optimization

techniques we proposed can effectively improve query performance.

5.3.3 Performance under different 𝑘 . The ability of a 𝑘-ANNS method to maintain stable perfor-

mance across varying values of 𝑘 is an important aspect of its scalability. Figure 9 illustrates the

query performance of all subspace collision-based methods under different 𝑘 values ranging from 1

to 100. SuCo-CS and SuCo-QS overlap in the figure because, under the same parameter settings,

the Scalable Dynamic Activation and the Dynamic Activation algorithms return identical results

and therefore do not affect recall. As 𝑘 increases, all methods exhibit a slight decline in query
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Fig. 11. Query performance comparison between TaCo and non-subspace collision-based methods.

accuracy. This is primarily because the number of candidate points remains fixed irrespective of

𝑘 , a larger 𝑘 thus increases the probability of missing true nearest neighbors. Nevertheless, TaCo

consistently outperforms all other subspace collision-based methods across all evaluated settings

of 𝑘 , demonstrating its robustness and superior scalability.

5.4 TaCo vs. Non-Subspace Collision methods
This section presents a comparative analysis between TaCo and six representative methods from

different ANNS paradigms: IMI-OPQ and IVF-RaBitQ (VQ-based); DET-LSH (LSH-based); HNSW,

MIRAGE, and SHG (graph-based). Although cross-paradigm comparisons are non-intuitive due to

fundamental architectural differences, this evaluation offers valuable insights into TaCo’s competi-

tive positioning relative to non-subspace collision methods.

5.4.1 Indexing performance. Figure 10(a) shows that TaCo achieves the best indexing efficiency,

while Figure 10(b) shows that TaCo, IMI-OPQ, and IVF-RaBitQ achieve the lowest memory consump-

tion among all evaluated methods. Note that the reported indexing time excludes preprocessing, and

the index memory footprint does not include the storage cost of the dataset. TaCo, IMI-OPQ, and

IVF-RaBitQ utilize the inverted file-based structure (IMI and IVF), whose lightweight design lead to

significantly lower memory usage compared to DET-LSH (tree-based index) and HNSW, MIRAGE,

SHG (graph-based index). However, due to differences in design objectives, TaCo performs coarse-

grained collision probing within each subspace under the subspace collision framework, while

IMI-OPQ and IVF-RaBitQ require fine-grained partitioning of all data points in the original space.

As a result, compared with IMI-OPQ and IVF-RaBitQ, TaCo reduces indexing time by 2~3 orders

of magnitude. In contrast, DET-LSH relies on fine-grained tree-based partitioning, and HNSW,

MIRAGE, SHG connect each point to its nearest neighbors in a graph structure. These approaches

result in heavier index structures, requiring longer indexing times and larger memory footprints.
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Fig. 12. Cumulative query cost (start with the indexing time): TaCo vs. non-subspace collision-based methods.

In summary, TaCo achieves superior indexing performance due to its efficient subspace-oriented

design and lightweight index.

5.4.2 Query performance. Figure 11 presents the recall–QPS and MRE–QPS curves for TaCo and

non-subspace collision-based methods. Experimental results indicate that IVF-RaBitQ, HNSW, and

MIRAGE perform well at moderate recall levels (0.6~0.9), whereas TaCo exhibits better stability at

higher recall levels (>0.9), particularly on the hard datasets such as GIST1M. Graph-based methods

(HNSW, MIRAGE, SHG) achieve high query efficiency at the cost of substantial indexing time and

memory consumption. During indexing, they identify and connect near neighbors for each data

point, while queries follow a gradually converging path through the graph. These methods perform

better on large and simple datasets like Deep1M. However, on hard datasets such as GIST1M, their

greedy search strategy is prone to becoming trapped in local optima, limiting query performance. In

contrast, TaCo employs a subspace collision probing strategy that offers greater robustness and fault

tolerance. This allows it to perform consistently well even on hard datasets. IVF-RaBitQ leverages

SIMD operations to accelerate computations on quantized codes, thus achieving QPS similar to

graph-based methods; however, the limited number of quantization bits makes it challenging to

attain very high recall. In summary, TaCo achieves state-of-the-art indexing performance, while

simultaneously attaining top-tier query performance, establishing it as a lightweight and effective

solution for 𝑘-ANNS tasks.

5.4.3 Overall Evaluation. Given the considerable differences in indexing and query performance

across different categories of ANNS methods, it is essential to conduct a comprehensive evaluation

that integrates both indexing and query metrics. Figure 12 shows the cumulative query costs of all

methods under the same recall, where the cost starts with the indexing time. The experimental

results demonstrate the advantages of TaCo: it completes index construction and processes 50K-80K

queries before the best competitor (i.e., HNSW and MIRAGE) answers its first query. In contrast,

the slow index construction of IVF-RaBitQ and SHG, as well as the slow query time of DET-LSH,

make them less competitive in this evaluation. In summary, while different categories of methods

are suited to particular scenarios due to their distinctive characteristics, TaCo achieves an effective

balance between indexing and query efficiency, making it especially suitable for applications that

require rapid deployment and immediate query responses, such as retrieval-based sparse attention

for LLM inference acceleration [53, 97].

6 Related Work
Approximate Nearest Neighbor Search.With data being generated at an unprecedented rate and

datasets increasing in scale [22, 25, 26, 96, 102, 103], more efficient management of large-scale data is

required to facilitate advanced analysis [50, 59, 60, 85, 88]. A wide range of effective ANNS methods

have been proposed [79, 83]: locality-sensitive hashing (LSH)-based methods [2, 44, 71, 89, 100],
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vector quantization (VQ)-based methods [6, 27, 28, 30, 37, 58], tree-based methods [8, 42, 65, 77,

78, 81, 82, 93], graph-based methods [5, 24, 32, 49, 55, 72], and hybrid methods [4, 12, 33, 99].

Subspace collision is a newly proposed framework, which achieves a better balance between index

construction and query answering [86]. Our work advances the subspace collision framework

by introducing subspace-oriented data transformation and optimizing query strategies, thereby

extending the boundaries of efficient and scalable ANNS.

AI for ANNS and ANNS for AI. Traditional ANNS methods rely on heuristic designs, limiting

their ability to adapt indexing and query strategies to data distributions or query characteristics.

In contrast, deep learning can capture intrinsic features that are difficult to manually design [43],

motivating a range of learning-enhanced ANNS approaches, including learn-to-index [14, 34, 48, 95],

learn-to-query [7, 23], learned early termination [11, 46], and learned cardinality estimation [68, 101].

Furthermore, with advances in large language models (LLMs) [98], ANNS has gained significant

attention for enhancing AI applications [90]. For instance, retrieval-augmented generation (RAG)

uses ANNS to provide contextual information for LLM queries [21, 29, 45], and key-value cache

(KVCache) employs ANNS to accelerate model inference [17, 53, 67, 97].

Hybrid Search. Traditional ANNS primarily focuses on vector search. However, how to achieve

hybrid search by integrating ANNS with traditional database systems has become a key concern

in both academia [31, 61, 92, 104] and industry [56, 73, 84, 94]. Hybrid search enhances tradi-

tional ANNS by enabling vectors to satisfy additional attribute-based constraints [74, 91], greatly

expanding its applicability in real-world applications. For example, in e-commerce, users can

specify attributes such as price range and product style while still leveraging semantic similarity

search [10, 92]. In search engines, results can be filtered by domain or user privileges without

compromising retrieval relevance [10]. In RAG systems, vector databases exploit metadata-based

filtering to improve retrieval accuracy, thereby enhancing generative AI applications [21, 29]. This

integration of vector-based retrieval and structured data filtering offers a practical paradigm for

next-generation information retrieval systems.

7 Conclusions
In this paper, we first designed the subspace-oriented data transformation mechanism to enable

data-adaptive subspace collision framework. Next, we presented query-aware and scalable query

strategies that dynamically allocate overhead for each query and accelerate collision probing

within subspaces. Then, we proposed the TaCo method, which achieves efficient and accurate

ANN search while maintaining an excellent balance between indexing and query performance.

Finally, we conducted extensive experiments, and the results demonstrate the superiority of TaCo.

In future work, we will combine deep learning to explore learn-based index structures and query

strategies under the subspace collision framework, as well as randomized numerical linear algebra

techniques [16, 57].
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