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Abstract

Approximate nearest neighbor search in high-dimensional spaces
is fundamental to vector databases and has numerous practi-
cal applications. Distance Comparison Operations (DCOs) have
been identified as a major performance bottleneck in approxi-
mate nearest neighbor search, prompting the development of
various optimization techniques. However, systematic reviews
and performance evaluations of these methods remain limited,
making it difficult for researchers and practitioners to under-
stand their mechanisms and to select appropriate techniques
in specific scenarios. In this paper, we survey and benchmark
mainstream DCO optimization methods. We categorize exist-
ing approaches into projection pruning- and quantization-based
techniques and review representative methods in each category.
Extensive experiments across eight datasets, spanning diverse
index structures and implementations, evaluate key metrics such
as efficiency-accuracy trade-offs and preprocessing overhead of
these methods while examining their scalability with respect to
data dimensionality and scale. Based on our findings, we provide
performance characterizations to guide method selection and
highlight promising directions for future research.

Keywords

Approximate nearest neighbor search, Distance comparison opti-
mization, Performance evaluation

1 Introduction

Approximate Nearest Neighbor Search (ANNS) aims to identify
the top-k vectors most similar (i.e., nearest) to a given query
vector. It covers a wide range of applications in many areas, in-
cluding vector database queries [35, 36, 39, 42, 54], information
retrieval [18, 21, 32, 56], data mining [11, 12, 45], recommender
systems [30, 37, 43], and large language models (LLMs) [3, 8,
33]. Compared with exact K-NN search, ANNS effectively miti-
gates the curse of dimensionality and improves usability in high-
dimensional spaces. Until now, numerous ANNS schemes have
been proposed in the literature [29].

Despite the wide variety of ANNS methods, they typically
follow a similar two-stage paradigm, i.e., first generating a set
of candidates and then refining the candidate set to obtain the
query results. Typically, schemes differ in how they generate
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Figure 1: Illustration of DCOs in the ANNS procedure.

candidate vectors but share similar approaches to refining them.
To retrieve the K nearest neighbors of a query vector g, a scheme
iteratively traverses the index and evaluates the distance between
each candidate vector o and the query vector g, i.e., dist(o, q). A
max-heap Q is adopted to maintain the K visited data objects
that are closest to the query q. In each round of the iteration,
the max-heap Q is updated via Distance Comparison Operation
(DCO) [13] - once the distance between o and q (i.e., dist(o, q) <
dmax) 1s smaller, the farthest neighbor is removed from Q and o is
inserted into Q; otherwise, o is discarded and the next candidate
is considered, as illustrated in Figure 1.

Existing studies have shown that the computational cost of
DCOs is the dominant component of the total cost in ANNS [13].
As an example, experiments on the 256-dimensional DEEP dataset
[6] revealed that DCOs consumed 77.2% of the total execution
time in the Hierarchical Navigable Small World (HNSW) graph-
based ANNS algorithm [34], and 85% in the Inverted File (IVF)-
based ANNS algorithm [23], highlighting DCOs as a primary
performance bottleneck in ANNS. In their basic form, DCO tech-
niques rely on full-dimensional distance computations (e.g., FD-
Scanning), which are computationally expensive. Subsequently,
a wide range of DCO Optimization methods have been intro-
duced to accelerate ANNS by avoiding full-dimensional vector
distance computations. Typical approaches include Projection
Pruning, which computes distances using only a subset of dimen-
sions, and Quantization, which approximates high-dimensional
vectors using a few representatives. These optimization methods
significantly improve the performance of DCOs.

Unfortunately, unlike index structure optimizations, the effec-
tiveness of DCO techniques is highly sensitive to practical factors
such as dimensionality, data scale, query workload, hardware
characteristics, and preprocessing overhead. To the best of our
knowledge, although several experimental and benchmarking
studies have investigated graph-based ANNS [4, 46, 48], they
primarily focus on macroscopic, end-to-end performance metrics
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(e.g., QPS—-Recall trade-offs) to assess index structures and search

algorithms under specific workloads or hardware configurations.

Consequently, the lack of fine-grained, cross-method evaluations

that systematically analyze DCO optimizations, disentangle their

performance trade-offs, and identify the key factors governing
their effectiveness in practice makes it difficult for system design-
ers to make informed decisions when deploying DCO techniques.

Nevertheless, conducting fair comparisons across DCO opti-
mization methods is non-trivial. First, many projection pruning-
based methods misleadingly use the ratio of pruned dimensions
as an indicator of speedup, implicitly assuming that skipping
dimension calculations directly translates into computational
acceleration. They often overlook critical factors in real-world
systems, such as memory access patterns and branch prediction
errors, which can negate the gains of dimension pruning. Second,
existing performance evaluation methods are largely detached
from modern computing environments. Most have not been as-
sessed under parallel computing models, such as Single Instruc-
tion Multiple Data (SIMD), where algorithm performance can
vary drastically between scalar and vectorized modes, limiting
the applicability of their conclusions. Finally, existing evalua-

tions only consider the trade-off between query efficiency (i.e.,

Queries Per Second, QPS) and accuracy (i.e., Recall@K), and lack

an assessment of fine-grained metrics, e.g., pruning accuracy and

preprocessing and memory overhead.

Our Contributions. To address these issues, we provide a sys-

tematic review and analysis of DCO optimization methods. We

first collect existing approaches and classify them according to
their underlying principles for accelerating ANNS. Next, we de-
velop a unified benchmarking framework for DCO optimizations.

Using this framework, we conduct an extensive experimental

evaluation of 12 representative DCO optimization methods and

their variants, covering eight standard datasets, two primary in-
dex structures (IVF and HNSW), and two computational modes

(scalar and SIMD), accompanied by an in-depth analysis. Our

main contributions are summarized as follows:

e We propose a taxonomy of DCO optimization methods based
on the principles for accelerating distance computation. Specif-
ically, we categorize them into two types, namely those based
on projection pruning [9, 10, 13, 26, 51] and quantization [2,
5, 14, 15, 23, 31]. The taxonomy provides key insights into the
DCO optimization landscape and offers a new perspective on
the broader field of ANNS methods, in which most existing
optimization techniques focus solely on quantization. (§3)

e We conduct a comprehensive performance evaluation of rep-
resentative DCO optimization methods across eight datasets
of multiple modalities, including audio, images, and text. Each
method is assessed across several aspects, including query
efficiency, accuracy, and preprocessing overhead for index
construction and candidate generation. We also examine key
factors that affect the effectiveness of optimizations, e.g., di-
mensionality, data scale, and index configurations. (§4)

e Based on our experimental findings, we provide empirical ad-
vice and guidance on selecting the most appropriate DCO
optimization in different application scenarios. Furthermore,
we analyze key challenges and outline promising directions
for future work on this problem. (§5)

2 Background

Approximate Nearest Neighbor Search: Let O denote a vector
database that contains N objects in a D-dimensional Euclidean
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Figure 2: Illustration of the structures and ANNS proce-
dures of HNSW and IVF.

space RP. For a query vector ¢ € RP, the KNN problem finds
the K data objects in O that are closest to the query gq. Here, the
squared Euclidean distance is used as the distance metric for a
query g and any object o, defined as

D
dist (¢,0) = lg—oll* = )" (g — 00)*. )

i=1
Obviously, it takes O(D) time to perform each distance computa-
tion and O (ND) time to perform a brute-force KNN search. The
Approximate KNN Search (ANNS) returns objects that are close
to the query q but not necessarily the K closest, thereby signifi-
cantly improving search efficiency at the expense of accuracy.
Index Structures for ANNS: Index structures are used in ANNS
to filter out candidate objects that are irrelevant to the query
q, thereby avoiding a brute-force search on the database O in
O(ND) time. In this paper, we focus on the two most widely
used index structures for ANNS, namely the Hierarchical Navi-
gable Small World (HNSW) [34] and the Inverted File (IVF) [23].
Figure 2 illustrates the schemes of the two indices.

HNSW [34] is a graph-based ANNS algorithm that features a
multilayer structure. In the HNSW graph, each vertex represents
a data object, and a directed edge denotes the neighborhood
relationship between two objects. The graph is constructed in a
bottom-up manner: the base layer 0 contains all data objects, and
the subsequent layer i + 1 is a sparse subset of the layer i, with
the number of vertices decreasing exponentially, thus forming a
hierarchical small-world network.

The query procedure consists of two stages. The first stage
is a multi-level greedy search that starts from a single entry
point in the top layer. It traverses layer by layer, progressively
approaching the query vector until an entry point in the base
layer is identified. In the second stage, a refined search in the
base layer is initiated by a beam search from the entry point,
maintaining a candidate set S as a distance-ordered min-heap
and a result set R as a max-heap of the K nearest neighbors found
so far. Then, it iteratively explores the top point of S until the
closest candidate in S is farther away than the farthest neighbor
in R, and the top-K objects in R are returned.

IVF [23] is a coarse-grained index structure. During index
construction, the dataset O is partitioned into K clusters using
the K-means algorithm, and each cluster is represented by its
centroid. All data objects are then assigned to the inverted list
corresponding to their nearest centroid. For query processing,
the query q is first compared against all centroids to identify the
Nprobe 2 1 closest ones. Subsequently, distance comparisons are
performed only on candidates within the nearest npobe inverted
lists, in which the K nearest objects are returned.

Both ANNS indexes require calculating the exact distance be-
tween each filtered candidate object and the query and comparing
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these distances. Due to the large number of candidates, repeated
distance computations often dominate the overall query over-
head. This critical underlying task is widely referred to as Distance
Comparison Operation (DCO). One solution for this problem is
to optimize the index structure and search process to reduce the
number of DCOs. For instance, SHG [16] was proposed to opti-
mize HNSW by reducing navigation overhead using compressed
vectors in non-base layers and employing piecewise linear mod-
els to skip redundant layers during graph traversal. Tribase [50]
could reduce DCOs on IVF by precomputing intra-cluster neigh-
bor information to improve the pruning capacity according to
the triangle inequality. SuCo [49] proposed to reframe DCOs in
ANNS as a more efficient probabilistic subspace collision count-
ing problem. However, these methods still require a large number
of DCOs to achieve high recall rates in ANNS. Therefore, to fur-
ther accelerate ANNS, a more common and practical approach is
to delve into fine-grained DCO optimizations.

3 Summary of DCO Optimizations

In this section, we summarize and categorize existing DCO op-
timization methods. DCO is a fundamental step in ANNS that
evaluates whether the distance dist(g, 0) between a query g and
a candidate object o is less than or equal to a dynamically up-
dated threshold r. The candidate o is classified as positive if
dist(q,0) < r, and as negative otherwise. Next, we introduce
three DCO schemes.
FDScanning; It is a naive DCO implementation that computes
the exact distance in all dimensions and compares it against r.
Such an exhaustive process results in a time complexity of O(D).
Projection Pruning: Projection maps high-dimensional vectors
onto low-dimensional subspaces through linear transformations
to alleviate the curse of dimensionality. The projection methods
used for ANNS include: Random Projection [26], which employs
a random orthogonal matrix to achieve homogeneity of vari-
ance across dimensions while preserving the distances between
objects; and Principal Component Analysis (PCA) [27], which
maximizes the variance along each projection axis, thereby con-
centrating the most significant features into a few dimensions.
During the search process, vectors are projected either entirely
or partially, and pruning decisions are made based on distances in
the projected space. By computing a lower bound or approxima-
tion of the distance, an algorithm can safely discard candidates
whose distance to the query exceeds the search threshold, thereby
avoiding time-consuming full-dimensional computations.
Quantization [17, 20]: It utilizes a finite set of representative
vectors, called a codebook, to represent high-dimensional vec-
tors, and the most widely used quantization method is Product
Quantization (PQ) [23]. PQ divides a D-dimensional vector into
M distinct sub-vectors of dimensions D/M. For each subspace,
a codebook with k centroids is learned offline by K-means clus-
tering. Each data vector is then quantized by finding the nearest
centroid in each subspace codebook and concatenating their re-
spective IDs to form its PQ code. During the search process, an
Asymmetric Distance Table (ADT) that contains the distances
from the ¢’s sub-vectors to centroids in the corresponding sub-
codebook is first computed. The quantized distance to any object
o is then estimated by looking up its PQ code: for each subspace, it
retrieves the pre-computed distance from the query’s sub-vector
to the centroid indexed by 0’s PQ code and sums them up.
According to the DCO scheme used, existing DCO optimiza-
tion methods are generally categorized into projection pruning-
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Table 1: DCO optimization methods evaluated in our paper.
In the SIMDized column, we use the symbol “®” to indicate
that the original paper has considered and supported SIMD
parallel optimization, “©” to indicate that the original pa-
per does not consider SIMD optimization but the method
itself is SIMD parallelizable, and “O” to indicate that the
method cannot support SIMD parallelization.

Algorithm Type Index SIMDized
ADSampling [13] Projection Pruning HNSW + IVF O
Finger [9] Projection Pruning HNSW ©
DADE [51] Projection Pruning HNSW + IVF O
DDCs [10] Projection Pruning HNSW + IVF ©
DDCpca [10] Projection Pruning HNSW + IVF O
DDCpq [10] Quantization HNSW + IVF [ )
PDX-ADS [28] Projection Pruning IVF [ )
PDX-BOND [28] Projection Pruning IVF [ ]
Flash [47] Quantization HNSW o
RaBitQ [14] Quantization HNSW + IVF o

and quantization-based approaches. Table 1 summarizes the key
characteristics of these methods. Next, we discuss the core design
ideas of each method.

3.1 Projection Pruning-based Methods

ADSampling [13] is among the earliest algorithms specifically
proposed to accelerate DCOs. In the index construction phase,
it applies the random projection technique as discussed in §2,
which rotates all objects in the dataset isometrically, preserving
Euclidean distances while ensuring that the dimensional variance
is homogenized for effective sampling.

In the query processing phase, ADSampling employs a strategy
that combines incremental dimension sampling with hypothesis
testing, as outlined in Algorithm 1. The core idea is to test the
hypothesis H: dist(g, 0) < r. After applying the same transfor-
mation to the query q as to the data objects, the test is performed
by computing a normalized partial distance dist’ from the incre-
mentally sampled dimensions, i.e.,

d
gk —o0)? |-
k=1

where d is the number of dimensions sampled and ¢ is a global
parameter that controls the failure rate. Here, dist’ provides an
approximation of the full-dimensional distance by scaling the
partial distance from d sampled dimensions to estimate its ex-
pected value in the D-dimensional space, with a constant €, to
control the estimation error. Specifically, (1 + €,/ \/3) makes the
distance estimate more conservative, reducing the likelihood of
prematurely discarding a positive result. The hypothesis H is
rejected with high confidence if dist” exceeds the threshold r,
and the candidate is pruned for early termination. Otherwise, the
sampling process continues by repeating the test with additional
dimensions until the candidate is pruned or its exact distance is
decided once all dimensions have been processed.

Beyond this, ADSampling decouples the roles of HNSW’s re-
sult set R: one subset provides the distance thresholds for DCOs,
while the other maintains the search objects. This approach sub-
stantially reduces the number of exact distance computations
from Nef to k. For IVF, cache optimization is achieved by pre-
computing partial distances for the most frequently accessed

JDJd

1+60/‘/3,

dist’ =

@
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Algorithm 1: Hypothesis Testing in ADSampling [13]

Input :Transformed data vector o’ and query ¢, distance

threshold 7, incremental step size Ad

Output :Test result for if dist(o0, g) < r: 1 for ‘yes’ and 0 for ‘no’

1 Initialize the number of sampled dimensions d = 0;
2 whiled < D do

3 d —d+ Ad;

4 Using the first d dimensions to compute the approximate
distance dist’;
5 Conduct a hypothesis testing with the hypothesis H as
dist < r based on the approximate distance dist’;
6 if Hy is rejected and d < D then

7 ‘ return 0;

8 else if Hy is not rejected and d < D then
9 ‘ continue;
10 else

11 L return 1 if dist’ < r and 0 otherwise;

initial d dimensions before sequential traversal. Notably, all sub-
sequent methods based on ADSampling incorporate these opti-
mized versions of both index structures.

Finger [9] is an optimization method specifically designed
for HNSW that accelerates the graph traversal. When evaluating
a candidate node o, Finger employs a distance decomposition
approach to rapidly estimate the distance between g and the
neighbors of o (denoted as p), thereby determining which neigh-
bor to visit next. The distance between g and p is expressed as

dist’ = \/”qproj —ppij% + ”qresng + ”presug - quTesPres‘ (3)

While [|pres||% can be fully precomputed during index construc-
tion, ||gproj — ppr0j||§ and ||qres||§ involve low-cost calculations
during query processing. To approximate the residual vector
dot product gL pres without direct calculation, it employs a PCA-
trained projection to generate LSH signatures for residual vectors,
allowing for a fast estimation based on the Hamming distance.

DADE [51] builds upon ADSampling by replacing its ran-
dom projection with PCA. This can help capture the maximum
variance in fewer dimensions and provide a more accurate ap-
proximation of the exact distance. DADE’s distance estimator is
statistically unbiased and given by

dist’ = /(1 +€), 4)

where A is the eigenvalue of the k-th principal component,
Zzzl Ak represents the cumulative energy captured by the first
d dimensions, and Zle Ak is the total energy of the dataset. By
prioritizing the most informative dimensions first, DADE can
obtain more accurate distance estimates with fewer samples than
ADSampling. This leads to earlier and more reliable pruning,
minimizing the estimation error in a data-driven manner.

DDC [10], similar to DADE, builds upon ADSampling by re-
placing random projection with PCA but distinguishes itself by
introducing multiple distinct pruning strategies. DDC;.s designs
a query-aware distance lower bound estimator based on Euro-
pean distance decomposition. In contrast to DADE’s global dis-
tance estimator, DDC,¢s dynamically refines its distance lower
bound by incrementally computing the integral component. Af-
ter processing the first d dimensions, this probabilistic lower
bound on the squared distance is given by dist’ = ||o]|2 + [|q||? -
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2 ZZ:l {0k, qx) — m - o, where m - o denotes the error bound
w.r.t. the remaining dimensions (d + 1 to D), ¢ is the standard
deviation of the residual error, and m is a confidence multiplier.

DDC,, introduces a data-driven approach to distance correc-
tion by reformulating the problem as learning a parameterized er-
ror boundary. A logistic regression model L = sign(m,-dist’ +f >
r) is trained using dist” and the threshold r as features. This for-
mulation frames the task as a binary classification problem: La-
bel 0 corresponds to dist < r and Label 1 to dist > r. The trained
model then determines whether to prune a candidate based on
whether this linear combination exceeds a learned offset.

PDX [28] introduces a columnar data layout tightly integrated
with the IVF index and the PDXearch framework into projection
pruning. This layout stores the same dimension from multiple vec-
tors contiguously in memory, a structure that is essential for fully
leveraging SIMD instructions to enable dimension-by-dimension
SIMD parallelization across multiple vectors and evaluating prun-
ing boundaries for several vectors at once in a dedicated loop,
separate from full-distance computation. Furthermore, PDXearch
incorporates additional optimizations, such as adaptive step siz-
ing and register optimization, to further improve computational
efficiency. Beyond its native exact pruning method for DCO op-
timization, PDXearch also supports approximate methods, e.g.,
ADSampling, highlighting its extensibility.

3.2 Quantization-based Methods

DDC,pq [10] demonstrates the versatility of the learned model
by applying it to distance approximations derived from PQ. It
adapts the model by incorporating PQ-specific features, such
as dist(q, ¢’) and dist(o, ¢’) along with the threshold r, into the
same logistic regression framework as in DDC,. This provides
equally efficient pruning capabilities for a different type of dis-
tance approximation.

Flash [47] accelerates HNSW construction through three key
innovations: (1) quantized distance computation, (2) reduced ran-
dom memory access, and (3) optimized SIMD utilization. During
indexing, it first applies PCA for dimensionality reduction, fol-
lowed by PQ for subspace partitioning and codebook generation.
For each newly inserted vector o, Flash generates ADT during
candidate acquisition (CA) and compresses them using SQ [1]
for SIMD register compatibility. Flash employs a novel access-
aware memory layout that co-locates neighbor IDs with their
corresponding codewords within each subspace, enabling single-
instruction loading of complete data batches via SIMD and fully
parallelized distance computations. For neighbor selection, Flash
uses globally shared symmetric distance tables (SDTs) that are
cached for rapid candidate evaluation. During the search stage, it
reuses CA-stage optimizations by creating temporary ADTs for
the query vector g and implementing SIMD-parallel sub-vector
lookups during graph traversal.

RaBitQ [14] is a random quantization method that can control
the compression rate and provide theoretical guarantees. RaBitQ
normalizes the vectors o and q based on a cluster centroid c as
= To=qy and gn = HZ+§H' Therefore, its distance estimation

can be decomposed into

On

dist’ = Jlo = qll* = [0 = ¢) = (¢ = O)I”

= llo—cll* +llg = cli* =2+ llo=cll - llg = cll - {gn. 0n),

®)

where ||o — ¢|| can be pre-computed and stored during the index-
ing phase, and ||q — c|| is computed once per query, whose cost is
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amortized across comparisons with different data vectors. There-
fore, the focus should be solely on quantizing unit vectors and
estimating their inner products. When constructing a codebook,
it generates a codebook by randomly orthogonally rotating a set
of uniformly distributed binary vectors. The data vector is taken
as the quantization vector closest to the codebook and stored as a
binary string of length D. During queries, each dimension of the
query vector g is quantized into an integer representation of Bq
bits by performing randomized uniform scalar quantization on
the g,,. The distance estimator first uses a 1-bit quantized code to
estimate a high-confidence lower bound on the actual distance,
then employs a By bit quantized code to estimate a more pre-
cise quantized distance, thereby achieving efficient acceleration.
Furthermore, the estimator’s design is not merely compatible
with hardware acceleration but is co-designed for it, achieving
high query performance through an optimized implementation
on modern SIMD instructions.

3.3 Hardware Acceleration for DCOs

In addition to projection pruning and quantization methods
to speed up DCOs at the algorithmic level, hardware acceler-
ation has also been applied to DCOs. These approaches lever-
age the massive parallelism, custom memory hierarchies, and
high-throughput data paths of modern hardware, transforming
the inherently sequential or SIMD-based distance calculations
into highly concurrent execution flows, thereby significantly
boosting ANNS throughput and reducing latency. Examples in-
clude [24, 40, 53], which exploit data-level parallelism within a
query and task-level parallelism across queries on FPGAs, and
[19, 38, 52, 55], which perform index construction and ANNS pro-
cessing using GPU architectures with fine-grained parallelism.
These approaches are not directly comparable to DCO optimiza-
tions in our evaluation because they are specific to hardware
platforms that differ substantially from modern CPUs.

3.4 Summary

In summary, existing projection pruning-based methods are ded-
icated to optimizing their hypothesis testing algorithm with the
goal of achieving more reliable distance estimation within fewer
dimensions to sample. However, most of them are relatively sim-
ple to implement, often limited to SIMD instructions for distance
calculations, and have not effectively addressed the increased
branch prediction errors introduced by pruning decisions. PDX
is one of the few exceptions that designs a column storage format
and a vector parallelism strategy based on the characteristics of
IVF indexing to solve the above problems.

In contrast, existing quantization-based methods have consid-
ered optimizations at different levels. At the algorithmic level,
there have been ongoing efforts to explore new encoding schemes
that balance accuracy and compression ratio. At the implementa-
tion level, on the one hand, quantization schemes are carefully
designed to align the bit width of SIMD registers, fully exploit-
ing the potential for hardware parallelism; on the other hand,
researchers are also committed to designing cache-friendly data
layouts to alleviate large-scale random memory access.

4 Experimental Evaluation

4.1 Overview

Evaluation Goals: This paper aims to investigate the practical
effectiveness of various distance comparison optimization (DCO)
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Table 2: Statistics of vector datasets in the experiments.

Dataset Dimension  #Items #Queries Modality
GloVe [41] 25/50/100/200 1,183,514 10,000 Text
DEEP [6] 96 9,990,000 10,000 Image
SIFT/GIST! 128/960 1,000,000 10,000 Image
MSong [7] 420 983,185 1,000 Audio
Contriever (CTV) [22] 768 990,000 10,000 Text
InstructorXL (IXL) [44] 768 2,253,000 1,000 Text
OpenAI2 1,536 999,000 1,000 Text

techniques for ANNS in different scenarios, including their po-
tential side effects. Specifically, our evaluation seeks to answer
the following research questions:

Q1: What are the efficiency-accuracy trade-offs of various DCO
optimizations when applied to IVF and HNSW, and how are
they influenced by different factors? (§4.3-§4.5)

What is the impact of DCO optimizations on query accuracy,
and can they maintain high recall rates across different
configurations? (§4.6)

What is the pre-processing overhead incurred by DCO opti-
mizations, and how does this one-time cost weigh against
the query performance gains? (§4.7)

Based on our empirical findings, what design principles
can be derived to guide an appropriate selection of DCO
optimizations for specific application requirements? (§5)

Q2:

Q3:

Q4:

Experiment Methodology: To answer the aforementioned re-
search questions, we conduct a comprehensive evaluation of
mainstream DCO optimizations in ANNS. Our experiments focus
on three primary criteria: query efficiency, accuracy, and prepro-
cessing overhead. In addition, we investigate various factors that
may affect the effectiveness of DCO optimizations.

To the best of our knowledge, this work is the first to conduct
such a fine-grained evaluation. Prior studies primarily emphasize
end-to-end performance metrics (e.g., throughput and recall) and
lack cross-method, fine-grained comparisons to isolate and ana-
lyze the effectiveness of individual DCO techniques. Moreover,
most existing evaluations selectively omit critical dimensions,
such as preprocessing costs and additional memory overhead,
making their results insufficient to guide method selection in
different deployment scenarios.

In contrast, we establish a unified benchmarking framework
that introduces pruning accuracy as a novel evaluation metric
alongside standard QPS-recall trade-offs. We further consider
several crucial but previously overlooked factors, including di-
mensionality, dataset scale, and additional memory overhead
introduced by quantization methods. By systematically exploring
these factors, we provide a more holistic view of the practical
effectiveness of DCO optimizations for ANNS in practice.

4.2 Experiment Setup

Datasets: Our evaluation employs 8 public benchmark datasets,
as detailed in Table 2, which span a wide range of sizes, dimen-
sionalities, and modalities. These datasets, comprising both base
vectors and queries stored in single-precision format, serve as
standard benchmarks for ANNS performance evaluation.

Platform: All experiments were conducted on a server running
Ubuntu 20.04.6 LTS, equipped with a 64-core Intel® Xeon® Silver
4314 CPU @ 2.40GHz (x86-64 architecture) and 247 GB of DRAM.

!http://corpus-texmex.irisa.fr/
Zhttps://zilliz.com/ai-models/text-embedding-3-small
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The processor supports SSE, AVX2, and AVX-512 SIMD instruc-
tion sets. The index construction was parallelized across multiple
threads, while query evaluations were executed on a single thread
to ensure consistent and reproducible latency measurements.
Evaluation Metrics: We use the following metrics for perfor-
mance evaluation:

e Recall@K evaluates query accuracy, computed as
where S5 denotes the result set returned by the algorithm and
Sgt represents the ground-truth result.

e Queries Per Second (QPS) quantifies the throughput of query
processing.

o False Pruning Rate (FPR@XK) assesses the precision of DCO
pruning decisions, calculated as Nyeg/(Ny X K), where Npeg
denotes the number of ground-truth vectors incorrectly pruned
and Ny is the total number of queries.

Algorithms: The DCO optimizations were evaluated with two
index structures: HNSW and IVF. Each optimization method was
tested on both index types, except those specifically designed for
only one type of index. Notably, we included two state-of-the-
art index optimization methods, Tribase [50] and SuCo [49], to
compare them against DCO optimization methods.

Implementation Details: For HNSW, we set the degree of each

node to M = 16 and the number of candidates (for construction)

to Ner = 500, following common practice [34]. For IVF, we follow
the recommendations of the FAISS library [25] to set the number
of clusters n. based on the number of base vectors N. Specifically,
we set n, = VN when N < 500000, n, = 4YN when N >

2500000, and n, = 2VN otherwise. We modify the search ranges

of IVF and HNSW by changing the number of probes np;ope and

the number of candidates (for query processing) ner.

:

4.3 Results for DCO Optimizations on HNSW

In this subsection, we evaluate different DCO optimization meth-
ods in terms of trade-offs between efficiency and accuracy on
HNSW indexes. To ensure a fair comparison, we use QPS at the
same recall rate as the main performance metric.

Scalar Search: We first evaluate the performance of each algo-
rithm in a scalar implementation. Figure 3 presents the perfor-
mance of different DCO optimizations under scalar execution.
Flash is excluded as its recall@10 consistently fell below 0.8.

On high-dimensional datasets, e.g., GIST, DADE and DDCjes
outperformed ADSampling by 1.47x and 1.62X, respectively. This
advantage stems from the fact that vectors projected via PCA
have their dimensional components sorted in descending order
by variance, enabling more accurate distance estimation with
fewer dimensions. The results reveal that at the same recall rates,
ADSampling requires approximately 2X more dimensional com-
putations than those of DADE and 4x more than those of DDCres.
However, on low-dimensional datasets like DEEP, DDC,s com-
putes fewer dimensions than ADSampling within identical search
ranges, yet achieves lower recall. Even when using twice the
search range of ADSampling, DDC,.s still fails to match ADSam-
pling’s recall rate. We suppose that PCA-based pruning meth-
ods, while computationally efficient, erroneously exclude actual
neighbors near decision boundaries in early phases. The recall
degradation necessitates expanded search ranges to compensate
for pruning errors.

From an implementation perspective, DADE’s distance esti-
mation relies exclusively on a global dimensional distribution
array trained during index preprocessing. This approach over-
looks potential deviations of individual queries from the global
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distribution, leading to estimation inaccuracies. For instance,
DADE’s recall rate decreases significantly when encountering
outlier vectors in the GloVe dataset. In contrast, DDCs incorpo-
rates query-specific information into distance estimation. AD-
Sampling demonstrates moderate acceleration across all scenar-
ios, as random projection homogenizes dimensional variance and
its proportion-based distance estimation remains highly conser-
vative. Consequently, ADSampling is less prone to erroneous
pruning and requires only slight search range expansion.

DDCj., achieves the best overall performance by requiring
computational complexity comparable to DDC,s while lever-
aging its learned model to identify effective decision bound-
aries across different sampling dimensions. Notably, unlike the
Flash algorithm, which struggles to attain high recall even after
reranking, DDC,pq achieves high recall without additional sort-
ing, demonstrating the versatility and practicality of the learned
model. Theoretically, the computational overhead of DDCyq is
lower than that of projection pruning, as it only requires accu-
mulating approximate distances between subspaces. However,
DDC,pq’s memory accesses are nearly 20X those of projection
pruning methods, with cache misses reaching up to 39X higher,
negating its advantage in faster distance estimation.

Although the original RaBitQ implementation is SIMDized,
we implemented and evaluated a scalar version for comparison.
RaBitQ introduces an effective integration mechanism for HNSW.
It employs 1-bit quantized encoding for preliminary screening at
the HNSW entry point and during the search phase. This ensures
that only a small number of candidates passing this coarse lower-
bound filter proceed to the more expensive bit-distance compu-
tation. Compared to hypothesis testing in ADSampling, which
requires at least one check per dimension, RaBitQ can make
pruning decisions with a single check. Crucially, unlike DDCpq,
RaBitQ avoids using lookup tables within HNSW, thereby pre-
venting an increase in random memory access. Consequently,
RaBitQ achieves comprehensive performance improvements over
all other DCO optimizations under scalar execution.

The findings are summarized as follows. First, approximation
inaccuracies inherent in DCO optimization can lead to erroneous
results for specific queries. Consequently, DCO optimization
methods exhibit lower recall rates than FDScanning under iden-
tical search scopes. Second, the acceleration benefits of all DCO
optimization methods increase with higher dimensionality. This
occurs because higher dimensions enable projection pruning to
eliminate more dimensions, whereas quantization reduces the
number of floating-point operations. Although DCO optimization
methods typically require searching broader ranges to achieve
recall rates equal to FDScanning, the total computational cost
savings remain substantially greater. Thus, DCO optimization
methods consistently outperform FDScanning in efficiency.
SIMDized Search: We then evaluate the performance of dif-
ferent methods under SIMDized execution and examine their
interactions with modern CPU features. Figure 4 presents the
performance of DCO optimizations when SIMD acceleration is
enabled. Surprisingly, the results demonstrate that the baseline
HNSW outperforms advanced DCO optimizations. This finding
underscores that the superiority of DCO optimizations compared
to FDScanning diminishes when confronted with the powerful
parallel computing capabilities of modern CPUs.

First, SIMDized HNSW outperforms scalar HNSW by 3.2x
on GIST and 2.5% on DEEP on QPS at a recall@10 of 0.95. This
improvement stems from the fact that full-dimensional distance
computations in HNSW can be significantly accelerated by SIMD
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Figure 3: Time-accuracy trade-offs of different DCO optimizations on HNSW with a scalar implementation.
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Figure 4: Time-accuracy trade-offs of different DCO optimizations on HNSW with a SIMDized implementation.

instructions, effectively mitigating the primary computational
overhead of HNSW. In contrast, projection pruning-based meth-
ods benefit less from SIMD acceleration. This is primarily because
projection pruning reduces the amount of dimensional compu-
tation, leaving limited opportunities for further hardware-level
acceleration. Note that the core objective of hardware-level ac-
celeration is to speed up dimensional computations. As a result,
at the same recall level, projection pruning-based methods ex-
hibit significantly weaker search performance than the baseline
HNSW across almost all datasets (as shown in Figure 4).

Second, projection pruning methods rely on vector projec-
tion and threshold comparisons, operations that are not fully
amenable to SIMD parallelization. This inherent limitation im-
pedes their parallel efficiency on high-dimensional datasets, thus
preventing them from fully capitalizing on SIMD’s acceleration
capabilities. Moreover, the effectiveness of SIMD instructions de-
pends on a branch-free linear data flow. The hypothesis testing in
projection sampling disrupts such a flow, resulting in a significant
increase in branch prediction errors. For instance, on the OpenAl
dataset, DDC,,s exhibits a 6.8-fold increase in branch prediction
errors compared to the baseline. Consequently, the benefits of
projection pruning are often outweighed by the diminished gains
of SIMD execution.
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Third, although quantization methods generally reduce com-
putation and memory access by mapping 4-byte single-precision
floating-point values to more compact data types for each dimen-
sion, they fail to effectively accelerate HNSW search. Unlike the
integration mechanism adopted in IVF (detailed in §4.4), where
quantized distances for an entire cluster can be computed in
batches, DDC,pq within HNSW must compute distances for each
candidate and its neighbors (a small set of size < 2M = 32) be-
fore making traversal decisions. This frequent interruption of
parallel computation significantly increases branch prediction
errors. Our results indicate that DDC,pq incurs nearly 60X more
memory accesses and 50X more cache misses than projection
pruning, resulting in a greater memory-access overhead than
non-SIMDized approaches. Consequently, integrating lookup-
table-based methods with HNSW exacerbates the graph index’s
inherent random memory access problem.

Under SIMD execution, RaBitQ retains its dominance across
most datasets. However, the performance advantage of RaBitQ
over the baseline is smaller than that of the scalar implementa-
tion. This observation underscores a key insight: the substantial
advantage of RaBitQ within HNSW stems from the algorithmic
design discussed above.
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Figure 5: Time-accuracy trade-offs of different DCO optimizations on IVF with a scalar implementation.
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Figure 6: Time-accuracy trade-offs of different DCO optimizations on IVF with a SIMDized implementation.

4.4 Results for DCO Optimizations on IVF

In this subsection, we evaluate the performance of different DCO
optimization methods on the IVF index. In contrast to the vector-
at-a-time graph traversal paradigm of HNSW, IVF employs coarse-
grained data space partitioning that groups vectors into clusters.
During query processing, once npohe candidate clusters are se-
lected, all vectors within these clusters are scanned in batches.
This exhaustive scanning process requires an IVF-based search
to handle a substantially larger number of DCOs compared to
HNSW. Consequently, the cost of DCOs becomes the primary
performance bottleneck throughout the query process, creating
significant opportunities for DCO optimization.

Scalar Search: The performance of different DCO optimizations
for IVF under scalar execution is presented in Figure 5. In general,
HNSW achieves better search performance than IVF across all
datasets. This performance gap reveals that HNSW is more effec-
tive at minimizing the candidate set size than IVF’s multi-probe
approach, as IVF must evaluate a substantially larger number of
vectors to achieve the same recall rate. For example, on the GloVe
dataset, with a recall rate of 0.85 under scalar search, baseline
HNSW outperforms its IVF counterpart by 8.5X in QPS. Our find-
ings, which differ significantly from those observed with HNSW,
can be summarized as follows.
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First, all DCO optimizations show substantial acceleration
across all datasets. Compared with HNSW, almost all evaluated
methods significantly outperform the baseline IVF. This provides
strong evidence that DCO optimization is more important when
DCOs become the bottleneck, and that the additional overhead
incurred by optimizations does not offset the acceleration.

Second, a well-designed data layout can significantly improve
DCO efficiency. PDX-ADS achieved 1.5x higher performance
than ADSampling with horizontal layout at a recall rate of 0.9
on the OpenAl dataset. The primary difference between the two
lies in the search framework transition from vector-by-vector
to dimension-by-dimension processing. Through the PDXearch
framework, PDX-ADS calculates partial dimensions of each vec-
tor based on an adaptive step size order under scalar execution
and makes pruning decisions in batches. Although it does not
utilize automatic vectorization, PDX-ADS significantly enhances
the pruning capability of projection pruning methods and re-
duces hypothesis testing costs. However, PDX-BOND demon-
strates excellent pruning capability on low-dimensional datasets
but exhibits weaker pruning performance than ADSampling and
other methods on high-dimensional datasets such as InstructorXL
and GIST. The reason is that PDX-BOND requires substantially
higher-dimensional computation than the acceleration achieved
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through search framework optimization. This validates the effec-
tiveness of ADSampling in dimension reduction via projection
and approximate distance estimation based on partial distances.

Unlike the performance improvements observed in HNSW-
RaBitQ, a scalar FastScan (a SIMD-based fast implementation
for PQ) implementation of IVF-RaBitQ often lags behind many
other DCO methods. This performance divergence stems from
the fundamental difference in their computational principles.
HNSW-RaBitQ relies only on bitwise AND and population count
operations. Its SIMD implementation exploits intra-data paral-
lelism, processing 8 data blocks in parallel, which accounts for
the moderate performance gap. In contrast, IVF-RaBitQ uses
FastScan, a design that is intrinsically bound to SIMD shuffle
instructions for register lookup in inter-vector parallelism. SIMD
implementations can process 32 vectors in parallel, widening
the performance gap relative to scalar implementations. Simu-
lating displacement and masking operations with scalar code
requires more instructions and cannot be implemented in paral-
lel. These issues offset the advantages of quantization, leading to
a significant performance degradation under scalar execution.

Finally, the co-design of DCO and index optimization schemes
can yield greater performance gains. Tribase achieves high QPS
in low-recall scenarios, but its performance declines sharply as
Nprobe increases. Although the number of pruned vectors in-
creases exponentially with the doubling of npope, a substan-
tial number of vectors remain unpruned, which bottlenecks the
search performance at high recall. Consequently, DCO optimiza-
tion is essential, and its outstanding performance underscores its
significance as a direction orthogonal to the ANNS index design.
SIMDized Search: Figure 6 shows the performance of IVF with
DCO optimizations under SIMDized implementations. Projec-
tion pruning-based DCO optimizations generally outperform the
baseline IVF. The higher number of DCOs in IVF’s search process
mitigates the negative impact of branch mispredictions. When
amortized across a large number of operations, the performance
benefits of projection pruning remain substantial, maintaining a
significant advantage over the baseline.

From the perspective of SIMD acceleration, projection pruning
methods exhibit limited SIMD acceleration compared to baseline
IVF due to dimension reduction computations and the difficult-to-
parallelize hypothesis testing loop. In contrast, PDX-ADS consis-
tently outperforms projection pruning methods under SIMDized
search when combined with PDXearch’s automatic vectorization.
On the OpenAlI dataset, ADSampling achieves a 1.2X speedup
with SIMD, while PDX-ADS achieves a 1.6X speedup, demonstrat-
ing the significant acceleration of PDX’s automatic vectorization
and SIMD instruction set optimization. Similarly, DDCepq’s per-
formance is enhanced by SIMD instructions, performing parallel
computation through lookup-based accumulation followed by
unified approximate distance estimation and decision-making.
However, its performance is limited by random memory access
inherent in the lookup method. When switching from SSE to
AVX512 instruction sets, the performance gain is negligible.

In contrast, RaBitQ employs a SIMD-based FastScan, achiev-
ing the highest performance across nearly all datasets. RaBitQ
reshapes batches of 32 vectors into columnar storage format,
enabling distance lower-bound estimation while fully leveraging
modern CPUs’ sequential memory access optimizations. While
SIMD instructions are utilized for dimension computations, Trib-
ase’s pruning logic remains difficult to parallelize. Specifically, its
angle pruning relies on complex floating-point operations (e.g.,
cosine theorem), which are less amenable to SIMD acceleration.
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Figure 7: Comparison of different DCO optimizations in
the IVF-SIMDized setting with varying dimensions.
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Figure 8: Comparison of different DCO optimizations in
the IVF-SIMDized setting with varying data scales.

Furthermore, as the pruning mechanism effectively reduces the
number of candidates, the marginal gains from SIMD-accelerated
distance calculations are significantly diminished.

4.5 Scalability Test

Effect of Dimensionality: We evaluate the impact of dimension-
ality on DCO optimization methods on GloVe datasets with 25 to
200 dimensions. The results are shown in Figure 7. We observe
that all DCO optimizations gradually enhance their performance
advantages as the dimensionality increases, as both projection
pruning and quantization can save more computational over-
head on higher-dimensional data. We also observe exceptional
cases in which certain methods fail to achieve good performance.
For example, RaBitQ struggles to converge to high recall rates
on GloVe-25 due to insufficient randomness in low-dimensional
spaces during high-dimensional orthogonal rotations; DADE
experiences mispruning and performance degradation on GloVe-
200 for anomalous queries that deviate from global distribution.
Effect of Data Scale: On the InstructorXL dataset, we randomly
sample subsets of sizes from 10% to 10°. The results are shown in
Figure 8. When the data scale is small, the computational time
saved is insufficient to offset the additional overhead resulting
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Table 3: Memory usage of DDC,pq and RaBitQ built on the
HNSW index. (QV: quantization vectors; QET: quantization
error table; LUT: lookup table).
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Table 4: FPR@10 (%) of different DCO optimizations for
HNSW. We exclude PDX-BOND from the comparison be-
cause it employs an exact pruning strategy.

Dataset THNSW (GB) QV (MB) QET (MB) LUT (KB) Method CTV DEEP GIST GloVe IXL MSong OpenAl SIFT
DDCgpq RaBitQ DDCopq RaBitQ DDCopq RaBitQ DDCopq RaBitQ ADSampling 021 028 033 014 035 041 0.41 0.46

GloVe 1.05 0.43 4515 220.08 4.52 25 1.56 BSBE 2525? (2)'(2)1 g‘gé 32? g'gg ?g; ggg %022

DEEP 4.95 2,61 22861 990.72 38.11 12 0.75 DDCfef 032 000 001 033 008 011 012 015

SIFT 0.62 0.26 3052 12590  3.81 16 1.0 DDCPL“ 189 001 009 006 005 0 e 0.28 0.00

GIST 3.72 0.94 11444 820.16 3.81 0 120 7.5 RaBit"gl 0‘17 0‘15 0‘77 0.46 0‘27 0‘57 0‘08 0.43

MSong 167 0.51 9845 36324 3.75 52.5 3.28 . i . . . . . .

CTV 2.97 0.77  90.63 653.23 3.78 96 6.0

IXL 6.76 1.76 20627 1486.28  8.60 96 6.0

OpenAl  5.79 141 182.89 1299.27 3.81 192 12.0

from fewer DCO executions. As the data scale increases, the
number of negative objects increases substantially, making the
effect of DCO optimizations more significant. When the size
reaches 1 million, all DCO optimization methods outperform the
baseline, indicating their applicability to large-scale data.
Memory Overhead Analysis: In addition to time efficiency, we
also evaluated the space overhead of DCO optimization meth-
ods. For projection-pruning methods, the additional data struc-
tures they require are only projection matrices or model param-
eters, whose sizes are negligible relative to the indexes them-
selves. For quantization methods, the sizes of quantization vec-
tors and lookup tables are determined by the dimensionality
and size of the dataset and can be computed accordingly. Tak-
ing the OpenAl dataset (D = 1536) as an example, DDC,q
utilizes M = 192 subspaces with 8-bit quantization (256 cen-
troids). The additional memory consists of (1) quantization vec-
tors (999000 X 192 bytes ~ 182.89 MB), (2) quantization error
table, which stores per-vector reconstruction distances (999000 x
4 bytes ~ 3.81 MB), and (3) lookup tables (LUTs) for distance
computation (192 X 256 X 4 bytes ~ 192 KB). To sum up, the
space overhead of DDCpq is small relative to the 5.79 GB mem-
ory footprint of the HNSW index.

RaBitQ is built on the FastScan mechanism. In high-precision
mode, its LUTs consume up to 12 KB, while its quantization vec-
tors require 1299.27 MB. Notably, RaBitQ eliminates the need for
storing quantization error, as it relies on specialized bit-signatures
for distance estimation. Compared with DDCpq, the HNSW in-
dex of RaBitQ is constructed directly using these quantized vec-
tors instead of the original 32-bit floating-point vectors. This
substantially compresses the overall index footprint (e.g., from
5.79 GB to 1.41 GB on the OpenAlI dataset). We empirically mea-
sured the memory usage of DDC,pq and RaBitQ, and the results
align with the above analysis and are presented in Table 3. In gen-
eral, the additional space overhead of quantization-based DCO
optimizations is small relative to index sizes.

4.6 Pruning Accuracy in DCO Optimizations

The accuracy of pruning in DCO optimizations is critical for
ANNS performance. Inaccuracy in approximate distance esti-
mations may lead to erroneous pruning decisions. Performance
experiments reveal that this issue is particularly pronounced in
the HNSW algorithm due to its path-dependent nature, where
early errors can lead to suboptimal path selections subsequently
and degrade search accuracy. This places high demands on the
efficiency and accuracy of the pruning procedure. To provide
a more detailed assessment, we report the highest FPR@10 for

587

each category of DCO optimization schemes on the HNSW al-
gorithm in Table 4. Note that PDX-BOND is excluded from this
comparison as it is specifically designed for IVF and performs
exact pruning. We classify methods with low recall@10 scores
as inaccurate and provide an explanation of their inaccuracy.
Inaccurate Methods: The FPR@10 of Finger decreases with
increasing Ner. When integrating the result set decoupling from
ADSampling, which reduces the number of full-dimensional com-
putations from Nt to k, into Finger, its recall drops dramatically.
These results indicate inaccuracies in Finger’s decomposition
method for distance estimation and show that its accuracy de-
pends heavily on full-dimensional computations during the initial
search stage. Although Flash performs reranking after the HNSW
bottom-level search, its recall@10 remains below 0.6.

Flash relies solely on the estimated quantization distance for
DCO execution, so if the quantization distance exceeds the thresh-
old, it is inserted directly into the maximum heap. Thus, when
distance estimation errors are substantial, the search path can
deviate, leading to a notable decrease in recall. This confirms the
importance of DCO accuracy for HNSW, as discussed earlier.

SuCo’s recall@1 exceeds 0.9, but its recall@10 drops to approx-

imately 0.6. This behavior occurs because its subspace collision
framework relies on score-based coarse screening, which rapidly
filters out non-compact vectors. However, due to the curse of
dimensionality, the scores of non-neighbors in high-dimensional
spaces may become highly similar to those of actual neighbors.
Consequently, the approximate filtering condition loses discrim-
inative power, leading to the omission of numerous neighbors
during coarse screening.
Accurate Methods: We analyze accurate approximate DCO op-
timizations. We exclude exact pruning methods such as those of
Tribase and BOND, which rely on geometric constraints and par-
tial distance bounds rather than approximations. These methods
remain preferred choices when recall is the primary concern.

ADSampling consistently maintains a low FPR@10 and a high
recall@10, approaching the performance of FDScanning. This
performance can be attributed to the combination of incremen-
tal dimension sampling and hypothesis testing. However, the
method relies heavily on the random projection matrix rather
than on the data distribution, which limits its pruning power.

DADE'’s distance estimator strongly depends on global data
statistics A, which may cause incorrect pruning when anoma-
lous queries deviate from these statistics. For instance, on the
GloVe dataset, DADE achieves the highest FPR@10 of 4.66%, pre-
venting convergence to high recall rates. In contrast, DDCes
integrates query information into the distance estimation, which
theoretically yields more stable false pruning rates. However,
it still exhibits considerable erroneous pruning with FPR@10
values exceeding 2% on both the Contriever and DEEP datasets.
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Figure 9: Comparison of the HNSW and IVF index construction time for different DCO optimization methods. For each bar,
the darker bottom part denotes the pre-processing time, and the lighter top part denotes the indexing time.

Even with the highest-precision (8-bit per dimension) quanti-
zation, RaBitQ fails to converge to one recall on certain datasets,
e.g., GIST, due to the inherent precision loss of quantization in-
duced by data distributions, which leads to high FPR@10. In
contrast, DDCpc, and DDCopq successfully achieve high recall
through the learned models, demonstrating both the accurate
decision limits enabled by learning and the general applicability
of this approach across various approximate distance measures.

4.7 Pre-processing Overhead Analysis

Beyond QPS-Recall performance, the additional overhead in-
curred during index construction and query processing consti-
tutes a critical aspect for a method’s practical use. In this subsec-
tion, we provide a detailed analysis of these overheads.
Pre-Processing Overhead in Index Construction: The addi-
tional costs required for index pre-processing and construction
are detailed in Figure 9. All DCO optimizations involve a pre-
processing phase to transform and project raw vectors. However,
their pre-processing overhead varies significantly.

First, training learned models incurs high overhead. For in-
stance, the pre-processing cost of DDCpc, and DDCpq is sig-
nificantly higher than the index construction itself. However,
this upfront investment, which can substantially improve query
efficiency and accuracy, is clearly worthwhile. Second, the pre-
processing overheads of Finger and Tribase are substantial. Both
methods require traversing the index to calculate the second-
nearest neighbor for each vector. This introduces a significant
time cost comparable to the index construction time.

Other DCO optimizations require only data conversion opera-
tions, such as projection calculations or quantization. Compared
to index construction, these methods incur negligible overhead
while significantly improving query performance. Despite Flash’s
low query recall rates, its index construction runs one order of
magnitude faster than that of other methods. Its compact coding
and layout optimization significantly accelerate the massive DCO
operations performed during HNSW construction. Furthermore,
this layout provides a potential solution for HNSW’s random
access memory and offers a feasible direction for combining
quantization methods with graph-based methods in the future.
Pre-processing Overhead in Query Execution: The cost of
pre-processing is a critical factor because it directly impacts run-
time search efficiency. As shown in Figure 10, the pre-processing
cost of DCO optimization methods with projection operations is
high. The projection of the query vector involves matrix-vector
multiplication in O(D - d,,) time, where d,, represents the pro-
jected dimension. Due to the comparatively smaller number of
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Figure 10: Comparison of the query pre-processing time
of each DCO optimization method.

DCOs in HNSW compared to IVF, the projection cost is often
too substantial to amortize. For example, on the OpenAl dataset,
the projection cost of DDC,,s in HNSW accounts for 50% of the
query time at 90% recall@10, and remains at 14% even at 99%
recall@10. In contrast, for DDC,. in IVF, it constitutes only 8.9%
at 95% recall@10 and drops to 1.7% at 99% recall@10. Thus, to
achieve higher efficiency at the expense of lower recall, projection
pruning-based DCOs for HNSW might not be good choices.

As shown in Figures 5 and 6, PDX-ADS consistently outper-
forms PDX-BOND, and the performance gap widens as the di-
mension increases. This indicates that a one-time pre-processing
yields benefits across all DCOs. Moreover, the performance ad-
vantage becomes more pronounced with higher recall require-
ments. Thus, pre-processing represents a trade-off that should
be weighed based on user needs and application scenarios.

Compared with projection-based methods, the quantization
overhead of RaBitQ and Flash on query vectors is negligible. Trib-
ase and SuCo incur no query-time preprocessing, as all required
information is precomputed during index construction. As a re-
sult, their query latency is largely insensitive to preprocessing
costs, allowing the performance gains from DCO optimizations
to be more clearly manifested.

5 Summary of Empirical Findings

In this section, we present the key insights from our empirical
evaluation of different DCO optimizations. Based on our findings,
we first provide practical guidelines for selecting DCO optimiza-
tions under various constraints, as summarized in Figure 11. We
then outline promising directions for future research to address
the limitations of existing methods.

Although the predominant focus of existing studies in ANNS
has been on designing and optimizing new index structures, our
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Figure 11: Decision tree for DCO optimization selection.
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evaluation demonstrates that optimizing the DCO itself can yield
significant performance gains. Furthermore, such micro-level
optimizations can be integrated synergistically with macro-level
index designs, offering a complementary and highly effective
approach to enhancing overall search efficiency.

Guidelines for DCO Optimization Selection: Based on the
experimental results, we summarize the following guidelines for
the selection of DCO optimizations in different scenarios. First,
for scenarios prioritizing high efficiency, we consider two cases
regarding whether SIMD is supported. Using SIMDized imple-
mentation, RaBitQ is the most suitable choice, which delivers the
highest query efficiency on both HNSW and IVF. When SIMD
is disabled, the selection becomes index-dependent. For HNSW,
RaBitQ is also the most suitable choice; however, for IVF, due
to the limited acceleration of FastScan, which is deeply bound
to SIMD, PDX-ADS is recommended for its improved pruning
efficiency and reduced branch prediction overhead within the
PDX architecture. Second, when the main objective is high re-
call, the selection strategy depends on both the index type and
the hardware support. For IVF, PDX-BOND stands out as the
optimal method due to its exact pruning mechanism and substan-
tial performance gains. For HNSW, we distinguish between two
cases. When SIMD is available, FDScanning achieves superior
performance and is directly applicable. When SIMD is unavail-
able, ADSampling becomes the most suitable option, as it yields a
low false pruning rate while greatly improving search efficiency.

Limitation 1: DCO Optimizations Are Decoupled from Vec-
tor Index Structures. Currently, DCOs are often optimized in
isolation and evaluated under limited conditions. As such, exist-
ing DCO optimizations are difficult to implement in real-world
systems. This decoupled approach makes it difficult to maximize
the performance potential of DCO optimization with respect to
specific indices. For instance, IVF’s fixed candidate sets stored in
contiguous blocks naturally support columnar data layouts and
enable batch-level DCO optimizations. This allows the compu-
tation of lower bounds for entire groups of vectors, followed by
unified pruning decisions, thereby maximizing SIMD parallelism
and cache efficiency. In contrast, HNSW’s vector-by-vector and
path-dependent search requires per-candidate lower-bound esti-
mation with high reliability to guide graph traversal. This vector-
by-vector processing pattern fundamentally limits SIMD accel-
eration to individual candidate calculations and places stricter
demands on estimation accuracy to prevent search divergence.
Moreover, random memory access in graph indexes is a common
problem, and the table-lookup method of quantization can exac-
erbate its impact. Although Flash offers a promising direction,
many issues remain to be addressed.
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Limitation 2: Insufficient Cost-Benefit Analysis on Pre-
processing Overhead. We note that most of the DCO opti-
mizations are not standalone plugins; they require two layers of
pre-processing: (1) an index-specific pre-computation phase to
transform data and generate auxiliary structures, and (2) a per-
query pre-processing step that itself consumes computational
resources. Practitioners must prudently evaluate the overhead:
whether the substantial cost of index pre-processing is justifiable
for their application, and crucially, whether the latency added
by query pre-processing might nullify acceleration benefits, ulti-
mately degrading performance.

Limitation 3: Practicality of DCO Optimizations in Dy-
namic Scenarios. Existing DCO optimizations are largely de-
signed for static data, lacking the flexibility to handle frequent
data insertions or deletions. When data distribution shifts, learned
DCO methods are forced into costly global re-processing, such
as (1) retraining projection matrices (e.g., PCA or OPQ) to cap-
ture the new data distribution, (2) rebuilding auxiliary index
structures, and (3) refitting decision models for pruning. These
tasks impose prohibitive computational overhead for online pro-
cessing, severely undermining system availability in dynamic
environments. Therefore, there is an urgent need for lightweight
adaptive mechanisms that enable DCO to quickly adjust to index
updates without repeated pre-processing.

Limitation 4: Design of DCO Optimizations on Special-
ized Hardware. Although hardware acceleration is not directly
comparable to the DCO workloads we measure, its synergy rep-
resents a critical future direction. For instance, how can the com-
plex branching logic of pruning algorithms be more efficiently
mapped to the configurable logic of FPGAs?

Limitation 5: Generalization to Inner Product and Cosine
Distance. Our current evaluation focuses on the squared Eu-
clidean distance, as almost all existing DCO methods are designed
and optimized for it. However, we recognize that some modern
vector search applications, particularly those driven by LLMs,
also adopt other distance measures, e.g., inner product and co-
sine distance. Expanding DCO optimizations and evaluations to
non-Euclidean distances is also a key direction for future work.

6 Conclusion

This paper systematically categorizes and empirically evaluates
existing DCO optimization methods for ANNS, demonstrating
that DCO optimization is essential for improving the efficiency
of ANNS on vector databases and providing scenario-specific de-
cision guidelines for selecting DCO optimization methods. Based
on the empirical findings, we note that existing DCO optimiza-
tions are limited by their decoupling from index structures and
by their costly preprocessing and update overhead. Future work
can explore lightweight index update mechanisms to adapt to
changes in data distribution and query workloads. Moreover, key
challenges remain in leveraging software-hardware co-design
for DCOs and proposing DCO optimizations for non-Euclidean
distance measures such as inner product and cosine distance.
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