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ABSTRACT

Approximate nearest neighbor search (ANNS) constitutes an im-
portant operation in a multitude of applications, including recom-
mendation systems, information retrieval, and pattern recognition.
In the past decade, graph-based ANNS algorithms have been the
leading paradigm in this domain, with dozens of graph-based ANNS
algorithms proposed. Such algorithms aim to provide effective, ef-
ficient solutions for retrieving the nearest neighbors for a given
query. Nevertheless, these efforts focus on developing and optimiz-
ing algorithms with different approaches, so there is a real need
for a comprehensive survey about the approaches’ relative perfor-
mance, strengths, and pitfalls. Thus here we provide a thorough
comparative analysis and experimental evaluation of 13 represen-
tative graph-based ANNS algorithms via a new taxonomy and
fine-grained pipeline. We compared each algorithm in a uniform
test environment on eight real-world datasets and 12 synthetic
datasets with varying sizes and characteristics. Our study yields
novel discoveries, offerings several useful principles to improve
algorithms, thus designing an optimized method that outperforms
the state-of-the-art algorithms. This effort also helped us pinpoint
algorithms’ working portions, along with rule-of-thumb recommen-
dations about promising research directions and suitable algorithms
for practitioners in different fields.

PVLDB Reference Format:

Mengzhao Wang, Xiaoliang Xu, Qiang Yue, Yuxiang Wang. A
Comprehensive Survey and Experimental Comparison of Graph-Based
Approximate Nearest Neighbor Search. PVLDB, 14(11): 1964-1978, 2021.
doi:10.14778/3476249.3476255

PVLDB Artifact Availability:

The source code, data, and/or other artifacts have been made available at
https://github.com/Lsyhprum/WEAVESS. Our full version has been made
available at https://arxiv.org/abs/2101.12631.

1 INTRODUCTION

Nearest Neighbor Search (NNS) is a fundamental building block in
various application domains [7, 8, 35, 62, 65, 74, 102, 109], such as
information retrieval [31, 110], pattern recognition [26, 54], data
mining [41, 44], machine learning [21, 25], and recommendation
systems [64, 76]. With the explosive growth of datasets’ scale and
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Figure 1: A toy example for the graph-based ANNS algorithm.
the inevitable curse of dimensionality, accurate NNS cannot meet
actual requirements for efficiency and cost [57]. Thus, much of
the literature has focused on efforts to research approximate NNS
(ANNS) and find an algorithm that improves efficiency substantially
while mildly relaxing accuracy constraints (a tradeoff [56]).

ANNS is a task that finds the approximate nearest neighbors
among a high-dimensional dataset for a query via a well-designed
index. According to the index adopted, the existing ANNS algo-
rithms can be divided into four major types: hashing-based [37, 42];
tree-based [8, 80]; quantization-based [49, 68]; and graph-based [35,
62] algorithms. Recently, graph-based algorithms have emerged as
a highly effective option for ANNS [6, 10, 38, 69]. Thanks to graph-
based ANNS algorithms’ extraordinary ability to express neighbor
relationships [35, 97], they only need to evaluate fewer points of
dataset to receive more accurate results [35, 57, 62, 66, 104].

As Figure 1 shows, graph-based ANNS algorithms build a graph
index (Figure 1(b)) on the dataset (Figure 1(a)), the vertices in the
graph correspond to the points of the dataset, and neighboring
vertices (marked as x, y) are associated with an edge by evaluating
their distance §(x, y), where ¢ is a distance function. In Figure 1(b),
the four vertices (numbered 1-4) connected to the black vertex are
its neighbors, and the black vertex can visit its neighbors along
these edges. Given this graph index and a query g (the red star),
ANNS aims to get a set of vertices that are close to g. We take the
case of returning q’s nearest neighbor as an example to show ANNS’
general procedure: Initially, a seed vertex (the black vertex, it can
be randomly sampled or obtained by additional approaches [44,
62]) is selected as the result vertex r, and we can conduct ANNS
from this seed vertex. Specifically, if §(n,q) < §(r,q), where n is
one of the neighbors of r, r will be replaced by n. We repeat this
process until the termination condition (e.g., Vn, §(n, q) > §(r,q))
is met, and the final r (the green vertex) is ¢’s nearest neighbor.
Compared with other index structures, graph-based algorithms are
a proven superior tradeoff in terms of accuracy vs efficiency [10, 57],
which is probably why they enjoy widespread use among high-tech
companies (e.g., Microsoft [24], Alibaba [104], and Yahoo [44]).

1.1 Motivation

The problem of graph-based ANNS on high-dimensional and large-
scale data has been studied intensively across the literature [35].
Dozens of algorithms have been proposed to solve this problem
from different optimizations [33, 34, 40, 51, 60, 62, 66]. For these
algorithms, existing surveys [10, 57, 79] provide some meaningful
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explorations. However, they are limited to a small subset about
algorithms, datasets, and metrics, as well as studying algorithms
from a macro perspective, and the analysis and evaluation of intra-
algorithm components are ignored. For example, [57] includes a
few graph-based algorithms (only three), [10] focuses on efficiency
vs accuracy tradeoff, [79] only considers several classic graphs.
This motivates us to carry out a thorough comparative analysis
and experimental evaluation of existing graph-based algorithms
via a new taxonomy and micro perspective (i.e., some fine-grained
components). We detail the issues of existing work that ensued.
I1: Lack of a reasonable taxonomy and comparative analysis
of inter-algorithms. Many studies in other fields show that an
insightful taxonomy can serve as a guideline for promising research
in this domain[92, 95, 99]. Thus, a reasonable taxonomy needs to
be established, to point to the different directions of graph-based al-
gorithms (§3). The index of existing graph-based ANNS algorithms
are generally derivatives of four base graphs from different perspec-
tives, i.e., Delaunay Graph (DG) [32], Relative Neighborhood Graph
(RNG) [85], K-Nearest Neighbor Graph (KNNG) [69], and Minimum
Spanning Tree (MST) [55]. Some algorithms, such as HNSW [62],
DPG [57] can be categorized into RNG-based (DPG and HNSW)
group working off RNG. Under this classification, we can pinpoint
differences between algorithms of the same category or different
categories, to provide a comprehensive inter-algorithm analysis.
I2: Omission in analysis and evaluation for intra-algorithm
fine-grained components. Many studies only analyze graph-based
ANNS algorithms from two coarse-grained components, i.e., con-
struction and search [73, 79], which hinders insight into the key
components. However, they can be divided into many fine-grained
components such as neighbor selection [34, 35] and routing [13, 87]
(§4). Evaluating these fine-grained components (§5) led to some in-
teresting phenomena. For example, some algorithms’ performance
improvements are not so remarkable for their claimed major contri-
bution (optimization on one component) in the paper, but instead by
another small optimization for another component (e.g., NSSG [34]).
Additionally, the key performance of completely different algo-
rithms may be dominated by the same fine-grained component
(e.g., the neighbor selection of NSG [35] and HNSW [62]). Such un-
usual but key discoveries occur by analyzing the components in
detail to clarify which part of an algorithm mainly works.

I3: Richer metrics are required for evaluating graph-based
ANNS algorithms’ overall performance. Many evaluations of
graph-based algorithms focus on the tradeoff of accuracy vs ef-
ficiency [40, 59, 60], which primarily reflects related algorithms’
search performance [56]. With the explosion of data scale and
increasing requirements to update, the index construction perfor-
mance has received more and more attention [104]. Related metrics
such as graph quality (we define it in §5.1) [19], average out-degree,
and so on indirectly affect the index construction performance.
From our abundance of experiments (§5), we gain a novel discov-
ery: higher graph quality does not necessarily achieve better search
performance. For instance, HNSW [62] and DPG [57] yield similar
search performances on the GIST1M dataset [1]. However, in terms
of graph quality, HNSW (63.3%) is significantly lower than DPG
(99.2%) (§5). Note that DPG spends a lot of time improving graph
quality during index construction, but it is unnecessary; this is not
uncommon, as we also see it in [28, 33-35].
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I4: Diversified datasets are essential for graph-based ANNS

algorithms’ scalability evaluation. Some graph-based algorithms
are evaluated only on a small number of datasets, which limits anal-
ysis on how well they scale on different datasets. Looking at the

evaluation results on various datasets (§5), we find that many al-
gorithms have significant discrepancies in terms of performance

on different datasets. That is, the advantages of an algorithm on

some datasets may be difficult to extend to other datasets. For exam-
ple, when the search accuracy reaches 0.99, NSG’s speedup is 125x

more than that of HNSW for each query on Msong [2]. However,
on Crawl [3], NSG’s speedup is 80x lower than that of HNSW when

it achieves the same search accuracy of 0.99. This shows that an al-
gorithm’s superiority is contingent on the dataset rather than being

fixed. Evaluating and analyzing different scenarios’ datasets leads

to understanding performance differences better for algorithms

in diverse scenarios, which provides a basis for practitioners in

different fields to choose the most suitable algorithm.

1.2 Our Contributions

Driven by the aforementioned issues, we provide a comprehensive
comparative analysis and experimental evaluation of graph-based
algorithms. It is worth noting that we try our best to reimplement all
algorithms using the same design pattern, programming language
and tricks, and experimental setup, which makes the comparison
fairer. Our key contributions are summarized as follows.

(1) We provide a new taxonomy of the graph-based ANNS al-
gorithms based on four base graphs. For I1, we classify graph-
based algorithms based on four base graphs (§3), which brings a
new perspective to understanding existing work. On this basis, we
compare and analyze the features of inter-algorithms, make connec-
tions if different algorithms use similar techniques, and elaborate
upon the inheritance and improvement of relevant algorithms, thus
exhibiting diversified development roadmaps (Table 2 and Figure 3).
(2) We present a unified pipeline with seven fine-grained
components for analyzing graph-based ANNS algorithms. As
for I2, we break all graph-based ANNS algorithms down to seven
fine-grained components in an unified pipeline (§4). This not only
allows us to have a deeper understanding of the algorithm, but also
to achieve a fair evaluation of a component by controlling other
components’ consistency in the pipeline (§5).

(3) We conduct a comprehensive evaluation for representa-
tive graph-based ANNS algorithms with more metrics and
diverse datasets. In terms of I3, we perform a thorough evalua-
tion of algorithms and components in §5, with abundant metrics.
For 14, we investigate different algorithms’ scalability over differ-
ent datasets (eight real-world and 12 synthetic datasets), covering
multimedia data such as video, voice, image, and text.

(4) We discuss the recommendations, guidelines, improve-
ment, tendencies, and challenges about graph-based ANNS
algorithms. Based on our investigation, we provide some rule-
of-thumb recommendations about the most suitable scenario for
each single algorithm, along with useful guidelines to optimize
algorithms, thus designing an algorithm obtains the state-of-the-
art performance. Then we analyze graph-based ANNS algorithms’
promising research directions and outstanding challenges (§6).



Table 1: Notations used in this paper

Notations| Descriptions

E9 The Euclidean space with dimension d

-7 The cardinality of a set

S A limited dataset in Ed, where every element is a vector

q The query point in E¥; it is represented by a vector

5(,) The Euclidean distance between points

G(V,E) A graph index G where the set of vertices and edges are
V and E, respectively

N (v) The neighbors of the vertex v in a graph

2 PRELIMINARIES

Notations. Unless otherwise specified, relative notations appear
in this paper by default as described in Table 1.
Modeling. For a dataset S = {so,s1, -+ ,sp—1} of n points, each

element s; (denoted as x) in S is represented by a vector x
[x0, %1, - -, x4_1] with dimension d. Using a similarity calculation
of vectors with a similarity function on S, we can realize the analysis
and retrieval of the corresponding data [22, 65].

Similarity function. For the two points x, y on dataset S, a variety

of applications employ a distance function to calculate the similarity
between the two points x and y [101]. The most commonly used
distance function is the Euclidean distance §(x, y) (I norm) [79],
which is given in Equation 1.

8(x,y) = (1)

where x and y correspond to the vectors x = [xp, x1,- -+ ,x4_1], and
vy = [y0,y1,- - ,yg_1], respectively, here d represents the vectors’
dimension. The larger the §(x, y), the more dissimilar x and y are,
and the closer to zero, the more similar they are [101].

2.1 Problem Definition
Before formally describing ANNS, we first define NNS.
Definition 2.1. NNS. Given a finite dataset S in Euclidean space

E? and a query g, NNS obtains k nearest neighbors R of g by
evaluating 6(x, q), where x € S. R is described as follows:

> 8(xq).

xeR

@)

min

R = arg
RCS,|R|=k

As the volume of data grows, |S| becomes exceedingly large
(ranging from millions to billions in scale), which makes it im-
practical to perform NNS on large-scale data because of the high
computational cost [108]. Instead of NNS, a large amount of practi-
cal techniques have been proposed for ANNS, which relaxes the
guarantee of accuracy for efficiency by evaluating a small subset of
S [94]. The ANNS problem is defined as follows:

Definition 2.2. ANNS. Given a finite dataset S in Euclidean space
E9, and a query g, ANNS builds an index 7 on S. It then gets a
subset C of S by 7, and evaluates §(x, g) to obtain the approximate
k nearest neighbors R of q, where x € C.

Generally, we use recall rate Recall@k = m to evaluate
the search results’ accuracy. ANNS algorithms aim to maximize
Recall@k while making C as small as possible (e.g., |C| is only a
few thousand when |S| is millions on the SIFT1M [1] dataset). As
mentioned earlier, ANNS algorithms based on graphs have risen
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in prominence because of their advantages in accuracy versus effi-
ciency. We define graph-based ANNS as follows.

Definition 2.3. Graph-based ANNS. Given a finite dataset S in
Euclidean space Ed, G(V,E) denotes a graph (the index 7 in Defi-
nition 2.2) constructed on S, Yo € V that uniquely corresponds to a
point x in S. Here V(u,v) € E represents the neighbor relationship
between u and v, and u,v € V. Given a query g, seeds S, routing
strategy, and termination condition, the graph-based ANNS initial-
izes approximate k nearest neighbors R of ¢ with S, then conducts
a search from S and updates R via a routing strategy. Finally, it
returns the query result R once the termination condition is met.

2.2 Scope Illustration

To make our survey and comparison focused yet comprehensive,
we employ some necessary constraints.

Graph-based ANNS. We only consider algorithms whose index
structures are based on graphs for ANNS. Although some effective
algorithms based on other structures exist, these methods’ search
performance is far inferior to that of graph-based algorithms. Over
time, graph-based algorithms have become mainstream.

Dataset. ANNS techniques have been used in various multimedia
fields. To comprehensively evaluate the performance of comparative
algorithms, we select a variety of multimedia data, including video,
image, voice, and text (§5). The base data and query data comprise
feature vectors extracted by deep neural network (such as VGG [81]
for image), and the ground-truth data comprise the query’s 20 or

100 nearest neighbors calculated in E¢ by linear scanning.

Core algorithms. This paper mainly focuses on in-memory core
algorithms. For some hardware (e.g., GPU [105] and SSD [82]),
heterogeneous (e.g., distributed deployment [27]), and machine
learning (ML)-based optimizations [13, 56, 72] (see §5.5 for the
evaluation of a few ML-based optimizations), we do not discuss
these in detail, keeping in mind that core algorithms are the basis
of these optimizations. In future work, we will focus on comparing
graph-based ANNS algorithms with GPU, SSD, ML and so on.

3 OVERVIEW OF GRAPH-BASED ANNS

In this section, we present a taxonomy and overall analysis of graph-
based ANNS algorithms from a new perspective. To this end, we
first dissect several classic base graphs [18, 84], including Delaunay
Graph [12, 32], Relative Neighborhood Graph [47, 85], K-Nearest
Neighbor Graph [9, 69] and Minimum Spanning Tree [55, 77]. After
that, we review 13 representative graph-based ANNS algorithms
working off different optimizations to these base graphs.

3.1 Base Graphs for ANNS

We give a formal description of each base graph, and visually show
their differences through a toy example in Figure 2.

Delaunay Graph (DG). In Euclidean space E4, the DG G(V, E)
constructed on dataset S satisfies the following conditions: For
Ve € E (e.g., the yellow line in Figure 2(a)), where its correspond-
ing two vertices are x, y, there exists a circle (the red circle in
Figure 2(a)) passing through x, y, and no other vertices inside the
circle, and there are at most three vertices (i.e., x, y, z) on the circle
at the same time (see [32] for DG’s standard definition). DG ensures
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Figure 2: Schematic diagram of different base graphs’ construction
results on the same dataset with dimension d = 2.
that the ANNS always return precise results [62], but the disadvan-
tage is that DG is almost fully connected when the dimension d is
extremely high, which leads to a large search space [35, 40].
Relative Neighborhood Graph (RNG). In Euclidean space E4,
the RNG G(V, E) built on dataset S has the following property: For
x,y € V,if x and y are connected by edge e € E, then Vz € V,
with §(x,y) < §(x, z), or §(x,y) < 8(z,y). In other words, z is not
in the red lune in Figure 2(b) (for RNG’s standard definition, refer
to [85]). Compared with DG, RNG cuts off some redundant neigh-
bors (close to each other) that violate its aforementioned property,
and makes the remaining neighbors distribute omnidirectionally,
thereby reducing ANNS’ distance calculations [62]. However, the
time complexity of constructing RNG on S is O(|S]*) [46].
K-Nearest Neighbor Graph (KNNG). Each point in dataset S is
connected to its nearest K points to form a KNNG G(V, E) in Eu-
clidean space E4. As Figure 2(c) (K = 2) shows, for x,y € V,
x € N(y) = {x,u}, buty ¢ N(x) = {z,0}, where N(y), N(x)
are the neighbor sets of y and x, respectively. Therefore, the edge
between y and x is a directed edge, so KNNG is a directed graph.
KNNG limits the number of neighbors of each vertex to K at most,
thus avoiding the surge of neighbors, which works well in scenarios
with limited memory and high demand for efficiency. It can be seen
that KNNG does not guarantee global connectivity in Figure 2(c),
which is unfavorable for ANNS.
Minimum Spanning Tree (MST). In Euclidean space E¢, MST is

the G(V, E) with the smallest lefl w(e;) on dataset S, where the
two vertices associated with e; € E are x and y, w(e;) = 6(x,y). If
Jei, ej € E, w(e;) = w(ej), then MST is not unique [63]. Although
MST has not been adopted by most current graph-based ANNS al-
gorithms, HCNNG [66] confirms MST’s effectiveness as a neighbor
selection strategy for ANNS. The main advantage for using MST
as a base graph relies on the fact that MST uses the least edges
to ensure the graph’s global connectivity, so that keeping vertices
with low degrees and any two vertices are reachable. However,
because of a lack of shortcuts, it may detour when searching on
MST [35, 60]. For example, in Figure 2(d), when search goes from s
to r, it must detour with s — x — y — u — r. This can be avoided
if there is an edge between s and r.

3.2 Graph-Based ANNS Algorithms

We outline 13 graph-based ANNS algorithms (A1-A13) based on
the above base graphs and their development roadmaps (Figure 3).
Table 2 summarizes some important properties about algorithms.
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DG-based and RNG-based ANNS algorithms (NSW, HNSW,
FANNG, NGT). To address the high degree of DG in high dimen-
sion, some slight improvements have been proposed [14, 15, 53].
However, they rely heavily on DG’s quality and exist the curse of
dimensionality [60]. Therefore, some algorithms add an RNG ap-
proximation on DG to diversify the distribution of neighbors [62].
A1: Navigable Small World graph (NSW). NSW [60] constructs
an undirected graph through continuous insertion of elements and
ensures global connectivity (approximate DG). The intuition is that
the result of a greedy traversal (random seeds) is always the nearest
neighbor on DG [62]. The long edges formed in the beginning of
construction have small-world navigation performance to ensure
search efficiency, and the vertices inserted later form short-range
edges, which ensure search accuracy. However, NSW provides lim-
ited best tradeoff between efficiency and effectiveness, because its
search complexity is poly-logarithmic [67, 71].

A2: Hierarchical Navigable Small World graphs (HNSW). An
improvement direction is put forth by [17, 61] to overcome NSW’s
poly-logarithmic search complexity. Motivated by this, HNSW [62]
generates a hierarchical graph and fixes the upper bound of each
vertex’s number of neighbors, thereby allowing a logarithmic com-
plexity scaling of search. Its basic idea is to separate neighbors to
different levels according to the distance scale, and the search is an
iterative process from top to bottom. For an inserted point, HNSW
not only selects its nearest neighbors (approximate DG), but also
considers the distribution of neighbors (approximate RNG). How-
ever, its multilayer structure significantly increases the memory
usage and makes it difficult to scale to larger datasets [35]. Meawhile,
[58] experimentally verifies that the hierarchy’s advantage fades
away as intrinsic dimension goes up (>32).

A3: Fast Approximate Nearest Neighbor Graph (FANNG). An
occlusion rule is proposed by FANNG [40] to cut off redundant
neighbors (approximate RNG). Unlike HNSW’s approximation to
RNG (HNSW only considers a small number of vertices returned by
greedy search), FANNG’s occlusion rule is applied to all other points
on the dataset except the target point, which leads to high construc-
tion complexity. Thus, two intuitive optimizations of candidate
neighbor acquisition are proposed to alleviate this problem [40]. To
improve the accuracy, FANNG uses backtrack to the second-closest
vertex and considers its edges that have not been explored yet.
A4: Neighborhood Graph and Tree (NGT). NGT [43] is a library
for performing high-speed ANNS released by Yahoo Japan. It con-
tains two construction methods. One is to transform KNNG into
Bi-directed KNNG (BKNNG), which adds reverse edges to each di-
rected edge on KNNG [44]. The other is constructed incrementally
like NSW (approximate to DG) [44]. The difference from NSW is
range search (a variant of greedy search) used during construction.
Both of the aforementioned methods make certain hub vertices have
a high out-degree. Therefore, NGT uses three degree-adjustment
methods to alleviate this problem, and within the more effective
path adjustment is an approximation to RNG (see our complete
version for proof [96]) [45]. This reduces memory overhead and
improves search efficiency. NGT obtains the seed vertex through
the VP-tree [45], and then uses the range search to perform routing.
Interestingly, the NGT-like path adjustment and range search are
also used by the k-DR algorithm in [7] (see [96] for details).




Table 2: Summary of important representative graph-based ANNS algorithms

i - " n DG RNG KNNG MST
Algorithm [ Base Graph [ Edge [ Build Complexity [ Search Complexity
KGraph [28] | KNNG directed O(|S['1) O(|S]°5%)* l l
NGT [43] KNNG+DG+RNG | directed | O(|S[-9)F O(S|™)* Nsw | NGT }—_L{ SPTAG |
SPTAG [24] KNNG+RNG directed O(|S| - log(|S|¢ +t*))T O(|S]°68)* v
NSW [60] DG undirected | O(|S]| -log?(|S]))* O(log?(IS)))* [ FANNG [ KGraph [ HCNNG J
IEH [51] KNNG directed O(ISIZ -log(IS]) + ISP)* O([S[02)* ¥ v
FANNG [40] | RNG directed | O(ISF -Tog(ISI)) R e
HNSW [62] DG+RNG directed O([S] - log(|SI)) O(log(|S1)) 2 v 2
EFANNA [33] | KNNG directed | OIS D)} 0(15["%)" ((vamana je——  NSG Je—— EFanna |
DPG [57] KNNG+RNG undirected | O(]S|"* +|S|)* O(]S]0%8)*
NSG [35] KNNG+RNG directed O(\S|HTC log(IS]) + 1S1M)T | O(log(|S]))
HCNNG [66] | MST directed O(IS[ - log(IS])) o(IS[")F . : )
Vamana [52] | RNG Tivected oSy O(SIY Figure 3: Roadmaps of graph-based ANI.\IS algorithms.
NSSG [34] KNNG+RNG directed o(S[+1SI™ O(log(1S1)) The arrows from a base graph (green shading) to an algo-

T ¢, t are the constants. ¥ Complexity is not informed by the authors; we derive it based on the related rithm (gray shading) and from one algorithm to another
papers’ descriptions and experimental estimates. See our complete version for details [96].

KNNG-based ANNS algorithms (SPTAG, KGraph, EFANNA,
IEH). A naive construction for KNNG is exhaustively comparing all
pairs of points, which is prohibitively slow and unsuitable for large
dataset S. Some early solutions construct an additional index (such
as tree [70] or hash [86, 103]), and then find the neighbors of each
point through ANNS. However, such methods generally suffer from
high index construction complexity [23]. There are two types of
representative solutions, which only focus on graph construction.
A5: Space Partition Tree and Graph (SPTAG). One is based on
divide and conquer, and its representative is SPTAG [24], a library
released by Microsoft. SPTAG hierarchically divides dataset S into
subsets (through Trinary-Projection Trees [94]) and builds an exact
KNNG over each subset. This process repeats multiple times to
produce a more accurate KNNG on S. Moreover, SPTAG further
improves KNNG’s accuracy by performing neighborhood propaga-
tion [93]. The early version of SPTAG added multiple KD-trees on
S to iteratively obtain the seeds closer to the query [91]. However,
on extremely high-dimensional S, the KD-trees will produce an
inaccurate distance bound estimation. In response, the balanced
k-means trees are constructed to replace the KD-trees [24].

A6: KGraph. The other is based on NN-Descent [29]; its basic
idea is neighbors are more likely to be neighbors of each other [33].
KGraph [28] first adopts this idea to reduce KNNG’s construction
complexity to O(|S|1"1%) on dataset S. It achieves better search
performance than NSW [16]. Therefore, some NN-Descent-based
derivatives are developed to explore its potential [20, 106, 107].
A7: EFANNA and A8: IEH. Instead of random initialization dur-
ing construction (such as KGraph), Extremely Fast Approximate
Nearest Neighbor Search Algorithm (EFANNA) [33] first builds
multiple KD-trees on S, and better initializes the neighbors of each
vertex through ANNS on these KD-trees, then executes NN-Descent.
At the search stage, EFANNA also uses these KD-trees to obtain
seeds that are closer to the query. The idea of initializing seeds
through additional structures is inspired by Iterative Expanding
Hashing (IEH) [51], which uses hash buckets to obtain better seeds.
However, IEH’s KNNG is constructed by brute force in [51].

KNNG-based and RNG-based ANNS algorithms (DPG, NSG,
NSSG, Vamana). The early optimization of KGraph was limited
to improving graph quality [33, 106]. Their intuition is that higher
graph quality leads to better search performance. Hence, each vertex
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indicate the dependence and development relationships.

is only connected to K nearest neighbors without considering the
distribution of neighbors. According to the comparative analysis
of [58], if neighbors of a visiting vertex are close to each other, it
will guide the search to the same location. That is, it is redundant
to compare the query to all neighbors close to each other [40, 62].
A9: Diversified Proximity Graph (DPG). To overcome the afore-
mentioned issue, DPG [57] practices optimization to control neigh-
bors’ distribution on KGraph. It sets the threshold of the angle
between the neighbors of a vertex to make the neighbors evenly
distributed in all directions of the vertex. This is only an approxi-
mate implementation of RNG from another aspect (see our complete
version for the proof [96]). In addition, to deal with S with a large
number of clusters, DPG keeps bi-directed edges on the graph.
A10: Navigating Spreading-out Graph (NSG). Although DPG’s
search performance is comparable to HNSW, it suffers from a large
index [35]. To settle this problem and further improve search per-
formance, NSG [35] proposes an edge selection strategy based on
monotonic RNG (called MRNG), which is actually equivalent to
HNSW’s (see the full version for the proof [96]). Its construction
framework is inspired by DPG; that is, to prune edges on KNNG.
NSG ensures high construction efficiency by executing ANNS on
KGraph to obtain candidate neighbors.

A11: Navigating Satellite System Graph (NSSG). NSSG contin-
ues to explore the potential of pruning edges on KNNG, and pro-
poses an edge selection strategy based on SSG [34]. When obtaining
avertex’s candidate neighbors, instead of conducting the ANNS like
NSG, it gets the neighbors and neighbors’ neighbors of the vertex
on KNNG, which significantly improves construction efficiency.
Both SSG and MRNG are approximations to RNG, but SSG is rela-
tively relaxed when cutting redundant neighbors. Therefore, NSSG
has a larger out-degree. Although [34] believes that SSG is more
beneficial to ANNS than MRNG, we reach the opposite conclusion
through a fairer evaluation (see §5.4 for details).

A12: Vamana. Microsoft recently proposed Vamana [82] to com-
bine with solid-state drives (SSD) for billions of data. It analyzes
the construction details of HNSW and NSG to extract and combine
the better parts. Its construction framework is motivated by NSG.
Instead of using KGraph to initialize, Vamana initializes randomly.
When selecting neighbors, Vamana improves the HNSW’s strategy
by adding a parameter & to increase the edge selection’s flexibility




and executing two passes with different . Experiments show that
its result graph has a shorter average path length when searching.

MST-based ANNS algorithms (HCNNG).

A13: HCNNG. Different from the aforementioned techniques, a re-
cent method called Hierarchical Clustering-based Nearest Neighbor
Graph (HCNNG) [66] uses MST to connect the points on dataset S.
HCNNG divides S through multiple hierarchical clusters, and all
points in each cluster are connected through MST. HCNNG uses
multiple global KD-trees to get seeds (like SPTAG and EFANNA).
Then to improve search efficiency, rather than using traditional
greedy search, it performs an efficient guided search.

4 COMPONENTS’ ANALYSIS

Despite the diversity of graph-based ANNS algorithms, they all
follow a unified processing pipeline. As Figure 4 shows, an algo-
rithm can be divided into two coarse-grained components: index
construction (top) and search (bottom), which are adopted by most
of the current work to analyze algorithms [40, 57, 60, 66]. We sub-
divide the index construction and search into seven fine-grained
components (C1-C7 in Figure 4), and compare all 13 graph-based
algorithms discussed in this paper by them.

4.1 Components for Index Construction

The purpose of index construction is to organize the dataset S
with a graph. Existing algorithms are generally divided into three
strategies: Divide-and-conquer [89], Refinement [29], and In-
crement [39] (see our full version [96]). As Figure 4 (top) show,
an algorithm’s index construction can be divided into five detailed
components (C1-C5). Among them, initialization can be divided
into three ways according to different construction strategies.

C1: Initialization.

Overview. The initialization of Divide-and-conquer is dataset
division; it is conducted recursively to generate many subgraphs
so that the index is obtained by subgraph merging [23, 78]. For
Refinement, in the initialization, it performs neighbor initialization
to get the initialized graph, then refines the initialized graph to
achieve better search performance [33, 35]. While the Increment
inserts points continuously, the new incoming point is regarded as
a query, then it executes ANNS to obtain the query’s neighbors on
the subgraph constructed by the previously inserted points [60, 62];
it therefore implements seed acquisition during initialization.

Definition 4.1. Dataset Division. Given dataset S, the dataset
division divides S into m small subsets—i.e., So, S1, - - , Sm—1, and
SoUS1---US;p;—1=8S.

Data division. This is a unique initialization of the Divide-and-
conquer strategy. SPTAG previously adopts a random division
scheme, which generates the principal directions over points ran-
domly sampled from S, then performs random divisions to make
each subset’s diameter small enough [88, 93]. To achieve better divi-
sion, SPTAG turns to TP-tree [94], in which a partition hyperplane
is formed by a linear combination of a few coordinate axes with
weights being -1 or 1. HCNNG divides S by iteratively performing
hierarchical clustering. Specifically, it randomly takes two points
from the set to be divided each time, and performs division by
calculating the distance between other points and the two [66].
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Definition 4.2. Neighbor Initialization. Given dataset S, for
Vp € S, the neighbor initialization gets the subset C from S \ {p},
and initializes N (p) with C.

Neighbor initialization. Only the initialization of the Refine-
ment strategy requires this implementation. Both KGraph and Va-
mana implement this process by randomly selecting neighbors [28,
82]. This method offers high efficiency but the initial graph quality
is too low. The solution is to initialize neighbors through ANNS
based on hash-based [86] or tree-based [33] approaches. EFANNA
deploys the latter; it establishes multiple KD-trees on S. Then, each
point is treated as a query, and get its neighbors through ANNS
on multiple KD-trees [33]. This approach relies heavily on extra
index and increases the cost of index construction. Thus, NSG, DPG,
and NSSG deploy the NN-Descent [29]; they first randomly select
neighbors for each point, and then update each point’s neighbors
with neighborhood propagation. Finally, they get a high-quality
initial graph by a small number of iterations. Specially, FANNG and
IEH initialize neighbors via linear scan.

Definition 4.3. Seed Acquisition. Given the index G(V, E), the
seed acquisition acquires a small subset S from V as the seed set,
and ANNS on G starts from S.

Seed acquisition. The seed acquisition of the index construction is
Increment strategy’s initialization. The other two strategies may
also include this process when acquiring candidate neighbors, and
this process also is necessary for all graph-based algorithms in the
search. For index construction, both NSW and NGT obtain seeds
randomly [43, 60], while HNSW makes its seed points fixed from
the top layer because of its unique hierarchical structure [62].

Definition 4.4. Candidate Neighbor Acquisition. Given a fi-
nite dataset S, point p € S, the candidate neighbor acquisition gets
a subset C from S \ {p} as p’s candidate neighbors, and p get its
neighbors N(p) from C—that is, N(p) c C.

C2: Candidate neighbor acquisition. The graph constructed by

the Divide-and-conquer generally produce candidate neighbors
from a small subset obtained after dataset division. For a subset
S; € Sand a point p € S;, SPTAG and HCNNG directly take S; \ {p}
as candidate neighbors [66, 93]. Although |S| may be large, the |S;|
obtained by the division is generally small. However, Refinement
and Increment do not involve the process of dataset division, which
leads to low index construction efficiency for IEH and FANNG to
adopt the naive method of obtaining candidate neighbors [40, 51].
To solve this problem, NGT, NSW, HNSW, NSG, and Vamana all
obtain candidate neighbors through ANNS. For a point p € S, the
graph Gy, (Increment) formed by the previously inserted points
or the initialized graph Gj,;; (Refinement), they consider p as a
query and execute ANNS on Gg,,;, or Gipir, and finally return the
query result as candidate neighbors of p. This method only needs
to access a small subset of S. However, according to the analysis of
[93], obtaining candidate neighbors through ANNS is overkill, be-
cause the query is in S for index construction, but the ANNS query
generally does not belong to S. In contrast, KGraph, EFANNA, and
NSSG use the neighbors of p and neighbors’ neighbors on Gjp;; as
its candidate neighbors [34], which improves index-construction ef-
ficiency. DPG directly uses the neighbors of p on Gjpi; as candidate
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Figure 4: The pipeline of graph-based ANNS algorithms. An algorithm can be divided into two coarse-grained components: index construction,
search. We subdivide the index construction into five fine-grained components (C1-C5), the search into two fine-grained components (C6-C7).

neighbors, but to obtain enough candidate neighbors, it generally
requires Gjn;; with a larger out-degree [57].

Definition 4.5. Neighbor Selection. Given a point p and its
candidate neighbors C, the neighbor selection obtains a subset of C
to update N(p).

C3: Neighbor selection. The current graph-based ANNS algo-
rithms mainly consider two factors for this component: distance
and space distribution. Given p € S, the distance factor ensures
that the selected neighbors are as close as possible to p, while the
space distribution factor makes the neighbors distribute as evenly
as possible in all directions of p. NSW, SPTAG!, NGT!, KGraph,
EFANNA, and IEH only consider the distance factor and aim to
build a high-quality graph index [29, 93]. HNSW?, FANNG, SPTAG?,
and NSG? consider the space distribution factor by evaluating the
distance between neighbors, formally, for x € C, Vy € N(p), iff
d(x,y) > (y,p), x will join N(p) [35, 40]. To select neighbors
more flexibly, Vamana adds the parameter « so that for x € C,
Yy € N(p), iff - 6(x,y) > 8(y,p), (@ = 1), x will be added to
N(p) [82], so it can control the distribution of neighbors well by ad-
justing a. DPG obtains a subset of C to minimize the sum of angles
between any two points [57]. NSSG considers the space distribution
factor by setting an angle threshold 6, for x € C, Vy € N(p), iff
arccos(x,y) < 6, x will join N(p). NGT? indirectly attains the even
distribution of neighbors with path adjustment [45], which updates
neighbors by judging whether there is an alternative path between
point p and its neighbors on Gjn;;. HCNNG selects neighbors for p
by constructing an MST on {p} U C [66].

C4: Seed preprocessing. Different algorithms may exist with dif-

ferent execution sequences between this component and the connec-
tivity, such as NSW [60], NSG [35]. Generally, graph-based ANNS
algorithms implement this component in a static or dynamic man-
ner. For the static method, typical representatives are HNSW, NSG,
Vamana, and NSSG. HNSW fixes the top vertices as the seeds, NSG
and Vamana use the approximate centroid of S as the seed, and
the seeds of NSSG are randomly selected vertices. While for the
dynamic method, a common practice is to attach other indexes (i.e.,
for each query, the seeds close to the query are obtained through
an additional index). SPTAG, EFANNA, HCNNG, and NGT build ad-
ditional trees, such as KD-tree [24, 33], balanced k-means tree [24],
and VP-tree [43]. IEH prepares for seed acquisition through hash-
ing [51]. Then [30] compresses the original vector by OPQ [36]

! This refers to its original version—NGT-panng for NGT and SPTAG-KDT for SPTAG.
2 Although [35] distinguishes the neighbor selection of HNSW and NSG, we prove the
equivalence of the two in our complete version [96].

3This refers to its optimized version—NGT-onng for NGT and SPTAG-BKT for SPTAG.

1970

to obtain the seeds by quickly calculating the compressed vector.
Random seed acquisition is adopted by KGraph, FANNG, NSW, and
DPG, and they don’t need to implement seed preprocessing.

C5: Connectivity. Incremental strategy internally ensures con-
nectivity (e.g., NSW). Refinement generally attaches depth-first
traversal to achieve this [35] (e.g., NSG). Divide-and-conquer gen-
erally ensures connectivity by multiply performing dataset division
and subgraph construction (e.g., SPTAG).

4.2 Components for Search

We subdivide the search into two fine-grained components (C6—C7):
seed acquisition and routing.
Cé6: Seed acquisition. Because the seed has a significant impact

on search, this component of the search process is more concerned
than the initialization of Incremental strategy. Some early algo-
rithms obtain the seeds randomly, while state-of-the-art algorithms
commonly use seed preprocessing. If the fixed seeds are produced in
the preprocessing stage, it can be loaded directly at this component.
If other index structures are constructed in the preprocessing stage,
ANNS returns the seeds with the additional structure.

Definition 4.6. Routing. Given G(V, E), query g, seed set S, the
routing starts from the vertices in S, and then converges to g by
neighbor propagation along the neighbor n of the visited point with
smaller §(n, g), until the vertex r so that (r, q) reaches a minimum.

Definition 4.7. Best First Search. Given G(V, E), query ¢, and
vertices to be visited C, its maximum size is ¢ and the result set R.
We initialize C and R with seed set S. For £ = arg minyec 6(x, q),
best first search access N(x), then C \ {x} and C U N(%). To keep
IC| = ¢, § = arg max,cc 6(y,q) will be deleted. Vn € N(x), if
d(n,q) < 8(%,q),zZ = arg max,ecg 6(z,q), then R\ {Z} and RU {n}.
The aforementioned process is performed iteratively until R is no
longer updated. (see our complete version for the pseudocode [96])

C7: Routing. Almost all graph-based ANNS algorithms are based
on a greedy routing strategy, including best first search (BFS) and its
variants. NSW, HNSW, KGraph, IEH, EFANNA, DPG, NSG, NSSG,
and Vamana use the original BFS to perform routing. Despite this
method being convenient for deployment, it has two shortcomings:
susceptibility to local optimum (S1) [13] and low routing efficiency
(S2) [66]. S1 destroys the search results’ accuracy. For this problem,
FANNG adds backtracking to BFS, which slightly improves the
search accuracy while significantly increasing the search time [40].
NGT alleviates S1 by adding a parameter €. On the basis of Defi-
nition 4.7, it cancels the size restriction on C and takes §(7, q) as
the search radius r, for Vn € N(x),if §(n,q) < (1+¢) - r,thenn s
added to C. Setting € to a larger value can alleviate S1, but it will
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also significantly increase the search time [45]. SPTAG solves S1 by
iteratively executing BFS. When a certain iteration falls into a local
optimum, it will restart the search by selecting new seeds from the
KD-tree [91]. HCNNG proposes using guided search to alleviate
S2 rather than visiting all N(x) like BFS, so guided search avoids
some redundant visits based on the query’s location.

5 EXPERIMENTAL EVALUATION

This section presents an abundant experimental study of both in-
dividual algorithms (§3) and components (§4) extracted from the
algorithms for graph-based ANNS. Because of space constraints,
some of our experimental content is provided in [96]. Our evalua-
tion seeks to answer the following question:

Q1: How do the algorithms perform in different scenarios? (§5.2-5.3)
Q2: Can an algorithm have the best index construction and search
performance at the same time? (§5.2-5.3)

Q3: For an algorithm with the best overall performance, is the
performance of each fine-grained component also the best? (§5.4)
Q4: How do machine learning-based optimizations affect the per-
formance of the graph-based algorithms? (§5.5)

Q5: How can we design a better graph-based algorithm based on
the experimental observations and verify its performance? (§6)

5.1 Experimental Setting

Datasets. Our experiment involves eight real-world datasets popu-
larly deployed by existing works, which cover various applica-
tions such as video (UQ-V [5]), audio (Msong [2], Audio [4]),
text (Crawl [3], GloVe [48], Enron [75]), and image (SIFTIM [1],
GISTIM [1]). Their main characteristics are summarized in Ta-
ble 3. # Base is the number of elements in the base dataset. LID
indicates local intrinsic dimensionality, and a larger LID value im-
plies a “harder” dataset [57]. Additionally, 12 synthetic datasets
are used to test each algorithm’s scalability to different datasets’
performance (e.g., dimensionality, cardinality, number of clusters,
and standard deviation of the distribution in each cluster [79]). Out
of space considerations, please see the scalability evaluation in our
complete version [96]. All datasets in the experiment are processed
into the base dataset, query dataset, and ground-truth dataset.

Compared algorithms. Our experiment evaluates 13 represen-

tative graph-based ANNS algorithms mentioned in §3, which are
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Figure 6: Index size of all compared algorithms on real-world datasets (the bar marked with a red star is the best).
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Table 3: Statistics of real-world datasets.

Dataset [ Dimension | #Base [ #Query [ LID [34,57]
TV [5] 256 1,000,000 | 10,000 72

Msong [2] 420 992,272 200 9.5

Audio [4] 192 53,387 200 56

SIFT1M [1] 128 1,000,000 10,000 9.3

GISTIM [1] 960 1,000,000 1,000 18.9

Crawl [3] 300 1,989,995 10,000 15.7

GloVe [48] 100 1,183,514 10,000 20.0

Enron [75] 1,369 94,987 200 11.7

carefully selected from research literature and practical projects.
The main attributes and experimental parameters of these algo-
rithms are introduced in our complete version [96].

Evaluation metrics. To measure the algorithm’s overall perfor-
mance, we employ various metrics related to index construction
and search. For index construction, we evaluate the index construc-
tion efficiency and size. Some index characteristics such as graph
quality, average out-degree, and the number of connected components
are recorded; they indirectly affect index construction efficiency
and size. Given a proximity graph G’(V’,E’) (graph index of an
algorithm) and the exact graph G(V, E) on the same dataset, we de-
|E’|Q|E\ [19, 23, 90]. For search, we
evaluate search efficiency, accuracy, and memory overhead. Search
efficiency can be measured by queries per second (QPS) and speedup.
QPS is the ratio of the number of queries (#q) to the search time (t);

fine graph quality of an index as

ie., #Tq [35]. Speedup is defined as %, where |S| is the dataset’s
size and is also the number of distance calculations of the linear
scan for a query, and NDC is the number of distance calculations
of an algorithm for a query (equal to |C| in Definition 2.2) [66].
We use the recall rate to evaluate the search accuracy, which is

defined as %
the real result set, and |R| = |T|. We also measure other indicators
that indirectly reflect search performance, such as the candidate set
size during the search and the average query path length.

Implementation setup. We reimplement all algorithms by C++;
they were removed by all the SIMD, pre-fetching instructions, and
other hardware-specific optimizations. To improve construction
efficiency, the parts involving vector calculation are parallelized for
index construction of each algorithm [11, 83]. All C++ source codes
are compiled by g++ 7.3, and MATLAB source codes (only for index
construction of a hash table in IEH [51]) are compiled by MATLAB

, where R is an algorithm’s query result set, T is




Table 4: Graph quality (GQ), average out-degree (AD), and # of connected components (CC) on graph indexes (the blue values are the best).

Alg UQ-v Msong Audio SIFT1IM GISTIM Crawl GloVe Enron

i [GQ TAD]CC [GQ TADJCC [GQ TAD]CC [GQ JAD[CC [GQ JAD]CC [GQ TAD]CC [GQ TAD]CC [GQ TAD]CC
KGraph 0.974 | 40 | 8,840 | 1.000 | 100 | 3,086 0.994 |40 | 529 [0.998 | 90 | 331 0.995 | 100 | 39,772 | 0.927 | 80 | 290,314 | 0.949 | 100 | 183,837 | 0.992 | 50 | 3,743
NGT-panng |0.770 [ 52 |1 0.681 |56 |1 0.740 [ 49 |1 0.762 | 56 |1 0.567 | 67 |1 0.628 [ 58 |1 0.589 [ 66 |1 0.646 | 55 |1
NGT-onng 043147 |1 039355 |1 0412 (45 |1 042453 |1 0.266 | 75 |1 0.203 [ 66 |1 0.220 [ 124 | 1 033153 |1
SPTAG-KDT | 0.957 | 32 | 27,232 | 0.884 | 32 | 110,306 | 0.999 | 32 | 996 0.906 | 32 | 23,132 | 0.803 | 32 | 290,953 | 0.821 | 32 | 672,566 0.630 | 32 | 594,209 | 0.983 | 32 | 7,500
SPTAG-BKT | 0.901 | 32 | 71,719 | 0.907 | 32 | 42,410 |0.992|32 |61 0.763 | 32 | 82,336 | 0.435 | 32 | 45,9529 | 0.381 | 32 | 1,180,072 | 0.330 | 32 | 803,849 | 0.775 | 32 | 20,379
NSW 0.837 | 60 |1 0.767 | 120 | 1 0.847 [ 80 |1 0.847 | 80 |1 0.601 | 120 | 1 0.719 | 120 | 1 0.636 | 160 | 1 0.796 | 160 | 1
IEH 1.000 | 50 | 24,564 | 1.000 | 50 | 9,133 1.000 | 50 | 335 1.000 | 50 | 1,211 | 1.000 | 50 | 74,663 | 1.000 | 50 | 289,983 1.000 | 50 | 220,192 | 1.000 | 50 | 3,131
FANNG 1.000 | 90 | 3,703 | 0.559 | 10 | 15,375 | 1.000 [ 50 | 164 |0.999 | 70 | 256 0.998 | 50 | 47,467 | 0.999 | 30 | 287,098 1.000 | 70 | 175,610 | 1.000 | 110 | 1,339
HNSW 0.597 | 19 | 433 0.762 | 50 | 36 057120 |1 0.879 | 49 |22 0.633 | 57 | 122 0.726 | 52 | 3,586 0.630 | 56 | 624 0.833 |68 |9
EFANNA 0.975 | 40 | 8,768 |0.997 | 50 | 10,902 | 0.976 | 10 | 3,483 | 0.998 | 60 | 832 0.981 | 100 | 44,504 | 0.990 | 100 | 227,146 0.751 | 100 | 234,745 | 0.999 | 40 | 3,921
DPG 0973 |77 |2 1.000 | 82 |1 099974 |1 0998 |76 |1 0992194 |1 0982 |88 |1 087293 |1 0993 (84 |1
NSG 0562 |19 |1 0487 |16 |1 0.532 (17 |1 055124 |1 0402 |13 |1 0.540 (10 |1 0.526 12 |1 0513 |14 |1
HCNNG 0.836 |41 |1 0.798 | 69 |1 0.847 |38 |1 0.887 |61 |1 035442 |1 0.503 [ 109 | 1 0.425 [ 167 | 1 0.662 |85 |1
Vamana 0.034 | 30 | 5,982 |0.009 |30 | 2,952 0.185 50 |1 0.021 | 50 | 82 0.016 | 50 | 209 0.020 | 50 | 730 0.024 [ 110 | 3 0234|110 | 1
NSSG 0508 |19 |1 0.634 |40 |1 049419 |1 0579120 |1 039926 |1 0.580 [ 13 |1 0474 (15 |1 0517 |19 |1

9.9. All experiments are conducted on a Linux server with a Intel(R)
Xeon(R) Gold 5218 CPU at 2.30GHz, and a 125G memory.
Parameters. Because parameters’ adjustment in the entire base
dataset may cause overfitting [35], we randomly sample a certain
percentage of data points from the base dataset to form a valida-
tion dataset. We search for the optimal value of all the adjustable
parameters of each algorithm on each validation dataset, to make
the algorithms’ search performance reach the optimal level. Note
that high recall areas’ search performance primarily is concerned
with the needs of real scenarios.

5.2 Index Construction Evaluation

We build indexes of all compared algorithms in 32 threads on each
real-world dataset. Note that we construct each algorithm with the
parameters under optimal search performance.

Construction efficiency. The construction efficiency is mainly af-

fected by the construction strategy, algorithm category, and dataset.
In Figure 5, the KNNG-based algorithms (e.g., KGraph and EFANNA)
constructed by NN-Descent have the smallest construction time
among all test algorithms, while the KNNG-based algorithms con-
structed by divide and conquer (e.g., SPTAG) or brute force (e.g.,
IEH) have higher construction time. The construction time of RNG-
based algorithms vary greatly according to the initial graph. For
example, when adding the approximation of RNG on KGraph (e.g.,
DPG and NSSG), it has a high construction efficiency. However,
RNG approximation based on the KNNG built by brute force (e.g.,
FANNG) has miniscule construction efficiency (close to IEH). Note
that Vamana is an exception; its ranking on different datasets has
large differences. This is most likely attributable to its neighbor se-
lection parameter « heavily dependent on dataset. The construction
time of DG-based algorithms (e.g., NGT and NSW) shows obvious
differences with datasets. On some hard datasets (e.g., GloVe), their
construction time is even higher than FANNG.

Index size and average out-degree. The index size mainly de-

pends on the average out-degree (AD). Generally, the smaller the
AD, the smaller the index size. As Figure 6 and Table 4 show, RNG-
based algorithms (e.g., NSG) have a smaller index size, which is
mainly because they cut redundant edges (the lower AD) during
RNG approximation. KNNG-, DG-, and MST-based algorithms (e.g.,
KGraph, NSW, and HCNNG) connect all nearby neighbors without
pruning superfluous neighbors, so they always have a larger index
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size. Additional index structures (e.g., the tree in NGT) will also
increase related algorithms’ index size.

Graph quality. The algorithm category and dataset are the main
factors that determine graph quality (GQ). In Table 4, the GQ of
KNNG-based algorithms (e.g., KGraph) outperform other categories.
The approximation to RNG prunes some of the nearest neighbors,
thereby destroying RNG-based algorithms’ GQ (e.g., NSG). How-
ever, this phenomenon does not happen with DPG, mostly be-
cause it undirects all edges. Interestingly, DG- and MST-based al-
gorithms’ GQ (e.g., NSW and HCNNG) shows obvious differences
with datasets; on simple datasets (e.g., Audio), they have higher GQ,
but it degrades on hard datasets (e.g., GISTIM).

Connectivity. Connectivity mainly relates to the construction
strategy and dataset. Table 4 shows that DG- and MST-based al-
gorithms have good connectivity. The former is attributed to the
Increment construction strategy (e.g., NSW and NGT), and the
latter benefits from its approximation to MST. Some RNG-based
algorithms perform depth-first search (DFS) to ensure connectivity
(e.g., NSG and NSSG). DPG adds reverse edges to make it have good
connectivity. Unsurprisingly, KNNG-based algorithms generally
have a lot of connected components, especially on hard datasets.

5.3 Search Performance

All searches are evaluated on a single thread. The number of near-
est neighbors recalled is uniformly set to 10 for each query, and
Recall@10 represents the corresponding recall rate. Because of
space constraints, we only list the representative results in Figure 7
and 8, and the others are displayed in the full version [96]. Note
that our observations are based on the results on all datasets.

Accuracy and efficiency. As illustrated in Figure 7 and 8, the
search performance of different algorithms on the same dataset
or the same algorithm on different datasets have large differences.
Generally, algorithms capable of obtaining higher speedup also
can achieve higher QPS, which demonstrates that the search effi-
ciency of graph-based ANNS algorithms mainly depends on the
number of distance evaluations during the search [105]. The search
performance of RNG- and MST-based algorithms (e.g., NSG and HC-
NNG) generally beats other categories by a large margin, especially
on hard datasets (e.g., GloVe). KNNG- and DG-based algorithms
(e.g., EFANNA and NSW) can only achieve better search perfor-
mance on simple datasets, their performance drops sharply on hard
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Figure 8: The Speedup vs Recall@10 of graph-based ANNS algorithms in high-precision region (top right is better).

datasets. Particularly, the search performance of SPTAG decreases
dramatically with the increase of LID. This is most likely because it
frequently regains entry through the tree during the search [91],
we know that the tree has bad curse of dimensionality [57].
Candidate set size (CS). There is a connection between the CS
and algorithm category, dataset, and search performance. For most
algorithms, we can set CS to obtain the target recall rate, but a few
algorithms (e.g., SPTAG) reach the “ceiling” before the set recall rate.
At this time, the recall rate hardly changes when we increase CS
(i.e., a CS value with “+” in Table 5). The elements in a candidate set
generally are placed in the cache because of frequent access during
the search; so we must constrain the CS to a small value as much as
possible because of the capacity’s limitation. Especially in the GPU,
the CS will have a greater impact on the search performance [105].
In Table 5, DG-based and most RNG-based algorithms (e.g., NGT
and NSG) require a smaller CS. The CS of KNNG- and MST-based
algorithms is related to the dataset, and the harder the dataset, the
larger the CS (e.g., SPTAG). In general, algorithms with bad search
performance have a larger CS (e.g., FANNG).

Query path length (PL). On large-scale datasets, it generally is

necessary to use external storage to store the original data. Normally
the PL determines the I/O number, which restricts the correspond-
ing search efficiency [82]. From Figure 7 and Table 5, we see that
algorithms with higher search performance generally have smaller
PL (e.g., HCNNG), but algorithms with smaller PL do not neces-
sarily have good search performance (e.g., FANNG). In addition, it
makes sense that sometimes that an algorithm with a large average
out-degree also has a small PL (e.g., NSW).

Memory overhead (MO). As Table 5 show, RNG-based algorithms
generally have the smallest memory overhead (e.g., NSG and NSSG).
Some algorithms with additional index structures have high mem-
ory overhead (e.g., SPTAG and IEH). Larger AD and CS values
also will increase the algorithms’ memory overhead (e.g., NSW and
SPTAG-BKT). Overall, the smaller the algorithm’s index size, the
smaller the memory overhead during search.

5.4 Components’ Evaluation

In this subsection, we evaluate representative components of graph-
based algorithms on two real-world datasets with different difficulty.
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According to the aforementioned experiments, algorithms based
on the Refinement construction strategy generally have better
comprehensive performance. Therefore, we design a unified evalu-
ation framework based on this strategy and the pipline in Figure 4.
Each component in the evaluation framework is set for a certain
implementation to form a benchmark algorithm (see our complete
version for detailed settings [96]). We use the C# + algorithm name
to indicate the corresponding component’s specific implementation.
For example, C1_NSG indicates that we use the initialization (C1)
of NSG, i.e., the initial graph is constructed through NN-Descent.
Note that many algorithms have the same implementation for
the same component (e.g., C3_NSG, C3_HNSW, and C3_FANNG).
We randomly select an algorithm to represent this implementation
(e.g., C3_HNSW). The impact of different components on search
performance and construction time are depicted in Figure 9 and
our complete version [96], respectively.
C1: Initialization. Figure 9(a) reports the impact of different graph
index initialization methods on search performance. The search
performance of CI_NSG is much better than C1_EFANNA and
C1_KGraph; and although C1_NSG needs more construction time,
it is worthwhile for such a large performance improvement. More-
over, a larger gap exists between C1_NSG and the other two on
GIST1M (harder), which shows that it has better scalability.
C2: Candidate neighbor acquisition. As shown in Figure 9(b),

different candidate neighbor acquisition methods vary slightly.
C2_NSW has the best search performance, especially on GIST1M,
with the price being more construction time. C2_NSSG obtains bet-
ter search performance than C2_DPG under a similar construction
time. It is worth noting that although DPG’s search performance on
SIFT1M is better than HNSW’s in Figure 7, the search performance
of C2_HNSW (i.e., C2_NSW) exceeds that of C2_DPG.

C3: Neighbor selection. Figure 9(c) depicts the impact of differ-

ent neighbor selection schemes on search performance. Obviously,
it shows better search performance for algorithms that consider
the distribution of neighbors (e.g., C3_HNSW, C3_NSSG, C3_DPG,
C3_Vamana) than those that do not consider this (e.g., C3_KGraph).
Note that C3_Vamana’s performance is no better than C3_HNSW’s,
as claimed in the paper [82]. NSSG[34] appears to have better search



Table 5: The candidate set size (CS), query path length (PL), and peak memory overhead (MO) during the search (the blue values are the best).
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Figure 9: Components’ search performance under a unified frame-
work on SIFT1M (a simple dataset) and GIST1M (a hard dataset).

performance than NSG in their experiment, so the researchers be-
lieve that C3_NSSG is better than C3_NSG (i.e., C3_HNSW). How-
ever, the researchers do not control the consistency of other com-
ponents during the evaluation, which is unfair.

C4: Seed preprocessing and Cé6: Seed acquisition. The C4 and

C6 components are interrelated in all compared algorithms; that is,
after specifying C4, C6 is also determined. Briefly, we use C4_NSSG
to indicate C6_NSSG. As Figure 9(d) shows, the extra index structure
to get the entry significantly impacts search performance. C4 NGT
and C4_SPTAG-BKT have the worst search performance; they both
obtain entry by performing distance calculations on an additional
tree (we know that the tree index has a serious curse of dimension-
ality). Although C4 HCNNG also obtains entry through a tree, it
only needs value comparison and no distance calculation on the
KD-Tree, so it shows better search performance than C4 NGT and
C4_SPTAG-BKT. C4_IEH adds the hash table to obtain entry, yield-
ing the best search performance. This may be because the hash can
obtain entry close to the query more quickly than the tree. Mean-
while, C4 NSSG and C4_NSG still achieve high search performance
without additional index. Note that there is no significant difference
in index construction time for these methods.

C5: Connectivity. Figure 9(e) shows the algorithm with guaran-
teed connectivity has better search performance (e.g., C5_NSG)
than that without connectivity assurance (e.g., C5_Vamana).
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and it is used by most algorithms (e.g., HNSW and NSG). C7_NGT
has a precision “ceiling” because of the e parameter’s limitation,
which can be alleviated by increasing €, but search efficiency will de-
crease. C7_FANNG can achieve high accuracy through backtracking,
but backtracking also limits search efficiency. C7_HCNNG avoids
some redundant calculations based on the query position, however,
this negatively affects search accuracy.

5.5

Recently, machine learning (ML)-based methods are proposed to
improve the speedup vs recall trade-off of the algorithms [13, 56, 72].
In general, they can be viewed as some optimizations on graph-
based algorithms discussed above (such as NSG and NSW). We
evaluate three ML-based optimizations on NSG and HNSW, i.e.,
ML1 [13], ML2 [56], and ML3 [72]. Because of space limitations, we
only show the test results on ML1 in Table 6 and Figure 10, others
share similar feature (see our full version [96] for more details).

Analysis. ML-based optimizations generally obtain better speedup
vs recall tradeoff at the expense of more time and memory. For
example, the original NSG takes 55s and maximum memory con-
sumption of 0.37 GB for index construction on SIFT100K; however,
NSG optimized by ML1 takes 67,315s to process the index (even if
we use the GPU for speedup), and the memory consumption is up
to 23.8 GB. In summary, current ML-based optimizations have high
hardware requirements and time cost, so their wide application is
limited. Considering that most of the graph-based algorithms can re-
turn query results in < 5ms, some high-tech companies only deploy
NSG without ML-based optimizations in real scenarios [35, 52, 65].

Machine Learning-Based Optimizations

6 DISCUSSION

According to the behaviors of algorithms and components on real-
world and synthetic datasets, we discuss our findings as follows.



Table 7: Recommendation of the algorithms in different scenarios.

Scenario [ Algorithm

S1: A large amount of data updated frequently | NSG, NSSG

$2: Rapid construction of KNNG KGraph, EFANNA, DPG
$3: Data is stored in external memory DPG, HCNNG

S4: Search on hard datasets
S§5: Search on simple datasets
S6: GPU acceleration

$7: Limited memory resources

HNSW, NSG, HCNNG
DPG, NSG, HCNNG, NSSG
NGT

NSG, NSSG

Recommendations. In Table 7, our evaluation selects algorithms
based on best performance under different scenarios. NSG and
NSSG have the smallest construction time and index size, so they
are suitable for S1. KGraph, EFANNA, and DPG achieve the highest
graph quality with lower construction time, so they are recom-
mended for S2. For S3 (such as SSD [82]), DPG and HCNNG are
the best choices because their smaller average path length can re-
duce I/O times. On hard datasets (S4, large LID), HNSW, NSG, and
HCNNG show competitive search performance, while on simple
datasets (S5), DPG, NSG, HCNNG, and NSSG offer better search
performance. For 86, we need a smaller candidate set size because
of the cache’s limitation [105]; for now, NGT appears more advan-
tageous. NSG and NSSG offer the smallest out-degree and memory
overhead, so they are the best option for S7.

Guidelines. Intuitively, a practical graph-based ANNS algorithm
should have: (H1) high construction efficiency; (H2) high rout-
ing efficiency; (H3) high search accuracy; and (L4) low mem-
ory overhead. For H1, we should not spend too much time improv-
ing graph quality, because the best graph quality is not necessary to
achieve the best search performance. For H2, we should control the
appropriate out-degree, diversify neighbors’ distribution (such as
C3_HNSW), and reduce the cost of obtaining entries (like C4_IEH),
to navigate quickly to the query’s nearest neighbors with a small
number of distance calculations. In addition, we should avoid redun-
dant distance calculations by optimizing the routing strategy (such
as C7_HCNNG). In terms of H3, to improve the search’s immunity
from falling into the local optimum [13], we should reasonably de-
sign the distribution of neighbors during construction, ensure con-
nectivity (such as C5_NSG), and optimize the routing strategy [87].
For L4, we can start by reducing the out-degree and candidate set
size, and this can be achieved by improving the neighbor selection
(such as C3_NSG) and routing strategies (like C7_HCNNG).
Improvement. Based on our observations and Guidelines, we
design an optimized algorithm that addresses H1, H2, H3, and
L4 simultaneously. In the index construction phase, it initializes
a graph with appropriate quality by NN-Descent (C1), quickly ob-
tains candidate neighbors with C2_NSSG (C2), uses C3_NSG to trim
redundant neighbors (C3), randomly selects a certain number of
entries (C4), and ensures connectivity (C5); in the search phase,
it starts from the random entries (C6), and performs two-stage
routing through C7_HCNNG and C7_NSW in turn. As shown in
Figure 11, the optimized algorithm yields the state-of-the-art search
performance, while ensuring high construction efficiency and low
memory overhead (see [96] for more details).

Tendencies. It is worth noting that almost all state-of-the-art al-
gorithms are based on RNG (e.g., HNSW and NSG), and thus many
approaches add an approximation of RNG on the basis of KNNG-
or DG-based algorithms (see Figure 3). The RNG-based category
is still a promising research direction for graph-based ANNS. The
MST-based algorithm recently was applied to graph-based ANNS,
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and it also achieves excellent results in our evaluation, especially
on hard datasets. On the basis of the core algorithm discussed in
this paper, researchers are refining and improving graph-based
ANNS algorithms’ performance via hardware [50, 82, 105]. Other
literatures add quantitative or distributed schemes to cope with
data increases [27, 30]. To meet hybrid query requirements, the
latest research adds structured attribute constraints to the search
process of graph-based algorithms [98, 100].

Challenges. At present, almost all graph-based algorithms are
oriented to raw data, which is the main reason why these algo-
rithms have high memory usage. Determining how to organically
combine data encoding or other methods with graph-based ANNS
algorithms is a problem worth exploring. Compared with tree, hash-
ing, and quantization, the graph-based algorithms have the highest
index construction time [57], which adds difficulty with updating
the graph index in real time. Also, figuring how to combine GPU
acceleration or other methods with the graph-based ANNS algo-
rithm to realize the real-time update of the graph index is worthy
of an in-depth study. For data with different characteristics, the
graph-based algorithms have different adaptability, and thus exhibit
different performance levels. Finally, a major outstanding challenge
is discerning how to adaptively select the optimal graph-based
algorithm according to the dataset’s characteristics by learning.

7 CONCLUSIONS

In this paper, we consider 13 representative graph-based ANNS
algorithms from a new taxonomy. We then divide all the algorithms
into seven components for in-depth analysis. Next, we compre-
hensively evaluate and discuss all the algorithms’ performance on
eight real-world datasets and 12 synthetic datasets. We also fairly
evaluate each algorithm’s important components through a unified
framework. In some ways, this work validates many previous em-
pirical conclusions while leading to novel discoveries that will aid
future researchers and practitioners. We also provide some rule-of-
thumb recommendations about promising research directions and
insightful principles to optimize algorithms.

Finally, we want to note that because of various constraints, our
study only investigates core algorithms based on the main memory.
Going forward, we will consider hardware (e.g., SSD and GPU) and
machine learning optimizations, deploy distributed implementa-
tions, and add structured attribute constraints to ANNS.
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