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ABSTRACT
Proximity graphs (PG) have gained increasing popularity as the
state-of-the-art solutions to 𝑘-approximate nearest neighbor (𝑘-
ANN) search on high-dimensional data, which serves as a funda-
mental function in various fields, e.g., retrieval-augmented genera-
tion. Although PG-based approaches have the best 𝑘-ANN search
performance, their index construction cost is superlinear to the
number of points. Such superlinear cost substantially limits their
scalability in the era of big data. Hence, the goal of this paper is to
accelerate the construction of PG-based methods without compro-
mising their 𝑘-ANN search performance.

To achieve this goal, two mainstream categories of PG are revis-
ited: relative neighborhood graph (RNG) and navigable small world
graph (NSWG). By revisiting their construction process, we find
the issues of construction efficiency. To address these issues, we
propose a new construction framework with a novel pruning strat-
egy for edge selection, which accelerates RNG construction while
keeping its 𝑘-ANN search performance. Then, we integrate this
framework into NSWG construction to enhance both the construc-
tion efficiency and 𝑘-ANN search performance of NSWG. Extensive
experiments are conducted to validate our construction framework
for both RNG and NSWG, and that it significantly reduces the PG
construction cost, achieving up to 5.6x speedup, while not compro-
mising the 𝑘-ANN search performance.
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1 INTRODUCTION
Recent breakthroughs in deep learning models, specifically em-
bedding models, have revolutionized the representation of various
types of data, such as images and text chunks. These models trans-
form the data into vectors, which encapsulate key information
in a high-dimensional space for semantic analysis. As a result, 𝑘-
approximate nearest neighbor (𝑘-ANN) search on high-dimensional
vectors has emerged as a fundamental problem across multiple do-
mains, including information retrieval [20, 24], recommendation
system [44] and large language models [4, 8, 22, 31, 34]. In particu-
lar, due to the popularity of retrieval-augmented generation (RAG)
[4, 31], 𝑘-ANN search on high-dimensional vectors causes more and
more attention as a key RAG component. Given a dataset 𝐷 ⊂ R𝑑
and a query vector 𝑞 ∈ R𝑑 , 𝑘-ANN search returns the 𝑘 vectors in
𝐷 that are sufficiently close to 𝑞, where 𝑘 is a specified parameter.

𝑘-ANN search has been extensively studied for several decades,
hence there exists a wealth of methods in the literature [12, 18, 33,
36, 38, 52, 56, 58]. According to recent studies [5, 32, 33, 58], the
proximity graph (PG) based methods [12, 15–17, 33, 38, 39, 48] have
emerged as the promising solution and have demonstrated superior
performance compared to other approaches, such as hashing-based
methods [18, 25, 36, 37, 51, 52], invert index-based methods [7, 29]
and tree-based methods [9, 10, 30, 42]. A PG treats each vector
𝑢 ∈ 𝐷 as a graph vertex and then connects edges between 𝑢 and
its close neighbors. Notably, all PGs share the same vertex set but
have various edge sets due to their distinct edge-selection strategies.
According to previous studies [33, 47, 48, 58], PGs are divided into
three categories by different neighbor-selection strategies: 𝑘 nearest
neighbor graph (KNNG), relative neighborhood graph (RNG), and
navigable small world graph (NSWG).

Although PG-based approaches have superior search perfor-
mance, they still suffer from a significantly higher cost in terms
of index construction than other methods. This is primarily due
to the necessity of identifying close neighbors for each point to
establish the graph edges. In the traditional applications of 𝑘-ANN
search, PG index is built offline and then responds to 𝑘-ANN queries.
Thus its construction cost is treated as a second-class performance
indicator. However, in the emerging scenario, i.e., the RAG model
training [4, 22, 26], the PG index will be frequently built in an
online manner, due to the tuning on the embedding model that
transforms the source data such as text chunks into vectors. As a
result, it is urgent to build PG efficiently while maintaining search
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Table 1: PG index comparisons on Gist1M

Approaches Building
Time (s)

QPS when Recall@10=
0.85 0.90 0.95 0.99

NSG [17] 573 971 712 417 133
LSH-APG [63] 433 453 305 172 53
DiskANN [50] 214 657 469 266 83
ParlayANN [40] 409 669 472 274 89
RNN-Descent [45] 121 739 539 345 139
FastNSG (ours) 119 964 694 402 148

performance. To address this issue, several studies have been pro-
posed to accelerate the index construction, such as DiskANN [50],
RNN-Descent [45], LSH-APG [63] and ParlayANN [40]. However,
as shown in Table 1, their search performance remains noticeably
inferior to NSG (Navigating Spread-out Graph) [17], where NSG is
one of the state-of-the-art (SOTA) methods that do not prioritize
index construction. In Table 1 onGist1M, the second column shows
the time of index construction and the next four columns depict
queries per second (QPS) at different recall levels (higher is better).
Hence, they sacrifice the search performance to expedite the index
construction, which violates the primary goal of 𝑘-ANN search.

In this work, we begin by revisiting the construction process of
SOTA PGs, namely RNG and NSWG. On top of the KNNG, RNG is
built with three key phases. In the first phase, an initial KNNG 𝐺𝑘0
is constructed (initialization phase), and then the results of 𝑘-ANN
search on 𝐺𝑘0 for each node are obtained as candidate neighbors
(search phase), which are further refined to prune redundant edges
and enhance connectivity (refinement phase). Unlike RNG assum-
ing the priori knowledge of the whole dataset, NSWG builds from
scratch and inserts nodes incrementally into the current graph one
by one. Like RNG, NSWG shares both search phase that finds close
neighbors in the current incomplete graph index and refinement
phase that builds edges between each node and a selected subset of
those neighbors found.

Up on the revisiting, we identify the PG construction issues
and further propose an efficient construction framework for RNG,
which could also be used to accelerate the NSWG index construc-
tion. To be specific, our contributions are summarized as follows. ➊
During revisiting the index construction procedures of current PGs,
we analyze the essential operation in PG construction, i.e., size-𝑘
candidate neighbor set acquisition (𝑘-CNA), whose quality is key
to the finally built PG. RNG obtains 𝑘-CNA results by initialization
phase and search phase, while NSWG by search phase. However,
we find issues related to 𝑘-CNA, i.e., (1) the inefficiency of obtaining
𝑘-CNA results in RNG, and (2) the poor 𝑘-CNA quality in NSWG. ➋
To tackle the inefficiencies of 𝑘-CNA in RNG, we introduce a new
RNG construction framework featuring a novel pruning strategy
aimed at improving the efficiency of 𝑘-CNA while preserving its
quality. ➌ To enhance the quality of 𝑘-CNA in NSWG, primarily
caused by its node-by-node insertion method, we substitute this
method with a layer-by-layer insertion strategy, and integrate it
with our RNG construction framework to further enhance its effi-
ciency. ➍ We conduct extensive experiments on real-life datasets
to validate the effectiveness of our construction framework. The re-
sults demonstrate that our framework accelerates the construction
of the representative RNG index NSG and the representative NSWG
index HNSW (Hierarchical Navigable Small World) up to 5.6x and

Table 2: Summary of notations
Notation Definition

𝐷 the set of 𝑛 𝑑-dimensional vectors
𝐺 = (𝑉 , 𝐸) a proximity graph with vertex set 𝑉 and edge set 𝐸

𝑁𝐺 (𝑢) the set of out-neighbors of 𝑢 in 𝐺
𝑉 (𝐺)/𝐸 (𝐺) the node/edge set of 𝐺

𝑞 a query data point
𝑘 the number of returned results in 𝑘-ANN search
𝐿 the pool width in 𝑘-ANN search of PG
𝑒𝑝 the entry point in 𝑘-ANN search of PG

𝐶 (𝑢) the 𝑘-CNA results of 𝑢
𝑀 the upper bound of node out-degrees in PG
𝑒 𝑓 the key construction parameter of HNSW
𝛼 the angle threshold in 𝛼-pruning

4.6x respectively, while achieving comparable or even better search
performance.

The paper is organized as follows. We provide the preliminaries
in Section 2. In Section 3, we revisit the existing PG methods and
identify their construction issues. In Section 4, we propose the
refinement-before-search scheme as the basis of our construction
framework for RNG and NSWG as shown in Section 5. We present
our experimental studies in Section 6. Furthermore, we discuss the
related works in Section 7 and conclude our work in Section 8.

2 𝑘-ANN SEARCH AND PROXIMITY GRAPHS
𝑘-ANN Search: Let 𝐷 ⊂ R𝑑 be a high-dimensional dataset con-
sisting of 𝑛 𝑑-dimensional points. We denote the L2 norm (i.e., Eu-
clidean distance) between two points 𝑢, 𝑣 ∈ R𝑑 as 𝑑𝑖𝑠𝑡 (𝑢, 𝑣). Given
a dataset 𝐷 and a query point 𝑞 ∈ R𝑑 , the 𝑘-approximate nearest
neighbor (𝑘-ANN) search aims to find the top-𝑘 points in 𝐷 with
the minimum distances from the query 𝑞. This paper focuses on the
in-memory solutions, which assume that 𝐷 and the corresponding
index can be hosted in the memory [16, 17, 33, 38, 39, 48]. Table 2
summarizes the notations.

According to recent studies [5, 32, 33, 58], proximity graph (PG)
based approaches are the SOTA methods for 𝑘-ANN search. In
the following, we discuss PG-based approaches and their search
algorithm for answering 𝑘-ANN queries.

2.1 Proximity Graph
A PG 𝐺 = (𝑉 , 𝐸) of 𝐷 is a directed graph, where each node in 𝑉

uniquely represents a vector (i.e., data point) in 𝐷 , and two nodes
are connected by an edge in 𝐸 if their corresponding vectors are
close to each other. For a node 𝑢 ∈ 𝑉 , we use 𝑁𝐺 (𝑢) to denote the
set of out-neighbors of node 𝑢 in a PG 𝐺 .

As presented in previous studies [33, 47, 48, 58], PGs are classified
into three categories according to their edge-selection strategies.
𝑘-Nearest Neighbor Graph (KNNG): Each node in KNNG is con-
nected to its 𝑘-approximate nearest data points, which is proposed
as an approximation of the Delaunay graph (DG) [6], since DG
becomes a complete graph when the dimension is large [23, 48].
Relative Neighborhood Graph (RNG): RNG is constructed based
on KNNG, it removes the longest edge in every possible trian-
gle in the KNNG, i.e., if edge (𝑢, 𝑣) exists in RNG, there exists
no edge (𝑢,𝑤) in the graph such that 𝑑𝑖𝑠𝑡 (𝑢,𝑤) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣) and
𝑑𝑖𝑠𝑡 (𝑣,𝑤) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣). RNG enhances its connectivity by adding
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Algorithm 1: KANNSearch(𝐺,𝑞, 𝑘, 𝐿, 𝑒𝑝)
Input : graph index𝐺 , query point 𝑞, 𝑘 for top-𝑘 , pool width 𝐿 and

entering point 𝑒𝑝
Output : 𝑘-ANN of query point 𝑞
𝑖 ← 0;1

𝑝𝑜𝑜𝑙 [0] ← (𝑒𝑝,𝑑𝑖𝑠𝑡 (𝑞, 𝑒𝑝 ) ) ;2

while 𝑖 < 𝐿 do3

𝑢 ← 𝑝𝑜𝑜𝑙 [𝑖 ];4

for each 𝑣 ∈ 𝑁𝐺 (𝑢 ) do5

insert (𝑣,𝑑𝑖𝑠𝑡 (𝑞, 𝑣) ) into 𝑝𝑜𝑜𝑙 ;6

sort 𝑝𝑜𝑜𝑙 and keep the 𝐿 closest neighbors;7

𝑖 ← index of the first unexpanded vertex in 𝑝𝑜𝑜𝑙 ;8

return 𝑝𝑜𝑜𝑙 [0, . . . , 𝑘 − 1]9

extra edges between connected components, while limiting the
out-degree of each node to a small constant [17].
Navigable Small World Graph (NSWG): NSWG is derived from
Milgram’s social experiment [53], which demonstrates that two
nodes in a large graph are connected by a short path that can be
discovered through greedy routing. Hence, the NSWG construction
involves incrementally node-by-node insertion, where each node
is connected to its 𝑘-ANN in the current incomplete graph.

2.2 Beam Search
Although PGs have different construction algorithms, they share
the same search method called beam search, which is on top of
greedy routing. Greedy routing involves selecting the nearest out-
neighbor of the current node at each step and terminates when no
closer out-neighbors are available.

To extend the greedy routing for 𝑘-ANN search, beam search
(i.e., the best-first search) is thus proposed. Specifically, as shown
in Algorithm 1, the search process starts from an entering point 𝑒𝑝
and puts it in a sorted array 𝑝𝑜𝑜𝑙 of nodes, which is maintained to
store the currently found 𝐿-closest neighbors (Lines 1-2). Then, it
iteratively extracts the closest but unexpanded neighbor𝑢 from 𝑝𝑜𝑜𝑙

(Line 4) and expands𝑢 to refine 𝑝𝑜𝑜𝑙 , until the termination condition
is satisfied (Line 3). In each iteration, expanding 𝑢 for 𝑞 is shown in
Lines 5-7, where each neighbor 𝑣 ∈ 𝑁𝐺 (𝑢) is treated as a 𝑘-ANN
candidate of 𝑞 (Line 5) and further verified by an expensive distance
computation (Line 6) to refine 𝑝𝑜𝑜𝑙 (Line 7). At the end of each
iteration (Line 8), the algorithm finds the closest but unexpanded
vertex in 𝑝𝑜𝑜𝑙 as the next one to be expanded. It terminates when
the first 𝐿 vertices in 𝑝𝑜𝑜𝑙 have been expanded (Line 3).

We can see that 𝐿 plays a crucial role in the trade-off between
efficiency and accuracy, i.e., a higher 𝐿 leads to more accurate
results but a larger time cost. Furthermore, beam search is a key
component applied to answer 𝑘-ANN search in the PG construction,
as discussed in the next section.

3 PG CONSTRUCTION REVISITED
In this section, we revisit the index construction of the SOTA PG
approaches, namely RNG methods [16, 17, 48, 50] and NSWG meth-
ods [38, 39, 63]. We first present the construction process of RNG
and NSWG respectively, followed by identifying their issues in
building efficiency.

Refinement

Initialization Search Prune ConnectKNNG RNG End

(a) RNG-based approaches

Search NSWG

Add one point

No more point
End

Refinement

Prune Connect

(b) NSWG-based approaches

Refinement

Initialization Prune ConnectKNNG PG

Search

End

Quality
Examination

(c) Our framework

Figure 1: The construction phases

3.1 RNG Index Construction
To construct an RNG index, the computation of distances between
each pair of nodes is necessary in order to eliminate the longest
edge in all possible triangles. Unfortunately, its time complexity is
𝑂 (𝑛2𝑑), which is practically impossible for large data. Hence, some
studies propose to construct a practical version of RNG via another
PG, such as KNNG [16, 17], NSG [48] or even a random graph [50].

In this section, we take NSG as an RNG representative. This is
because NSG is widely acknowledged as one of the SOTA methods
for 𝑘-ANN search [48, 58], and recent studies focus on improving
search performance by making minor modifications on NSG, e.g.,
extending the pruning strategy [16, 48].

In a nutshell, as shown in Figure 1(a), the construction of NSG
involves three phases: initialization, search and refinement. The
initialization phase focuses on constructing an approximate KNNG,
while search phase aims to improve the quality of the KNNG, i.e.,
enhancing the accuracy of neighbors (𝑘-ANN) for each node in
the graph. Finally, the refinement phase incorporates prune and
connect operations to reduce the node out-degree and enhance
the graph connectivity respectively. We present the details of NSG
construction process in Algorithm 2.
Initialization Phase: An initial KNNG 𝐺𝑘0 where each node has
𝑘0 neighbors is built in initialization phase by the SOTA method
called KGraph [15], as shown in Line 1 of Algorithm 2. The purpose
of this phase is to build an index for search phase.
Search Phase: As in Lines 3-4 of Algorithm 1, for each 𝑢 ∈ 𝐷 ,
the search phase performs 𝑘-ANN search on𝐺𝑘0 in order to obtain
the candidate set𝐶 (𝑢) for refinement. Notably, each 𝑘-ANN search
starts from the entering point 𝑒𝑝 which is the closest point in 𝐷 to
the centroid of 𝐷 (Line 2).
Refinement Phase: This phase removes redundant neighbors in
the set 𝐶 (𝑢) via a pruning strategy (Algorithm 3) to obtain 𝑁𝐺 (𝑢)
with the constraint |𝑁𝐺 (𝑢) | ≤ 𝑀 , where𝑀 is a specific threshold
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Algorithm 2: BuildNSG(𝐷,𝑘0, 𝑘, 𝐿,𝑀)
Input : dataset 𝐷 and four parameters 𝑘0, 𝑘 , 𝐿 and𝑀
Output : an NSG𝐺
/* Phase 1: Initialization */

build𝐺𝑘0 with 𝑘0 neighbors by KGraph [15];1

/* Phase 2: Search */

𝑒𝑝 ← KANNSearch (𝐺𝑘0 , 𝑐𝑛, 𝑘, 𝐿, 𝑟𝑛), where 𝑐𝑛 is the centroid of 𝐷2

and 𝑟𝑛 ∈ 𝐷 is a random node;
for each 𝑢 ∈ 𝐷 in parallel do3

𝐶 (𝑢 ) ← KANNSearch (𝐺𝑘0 ,𝑢, 𝑘, 𝐿, 𝑒𝑝);4

/* Phase 3: Refinement (𝐺 =Refine ({𝐶 (𝑢 ) |𝑢 ∈ 𝐷 }, 𝑀 )) */

for each 𝑢 ∈ 𝐷 in parallel do5

𝑁𝐺 (𝑢 ) ← Prune (𝑢,𝐶 (𝑢 ), 𝑀);6

for each 𝑢 ∈ 𝐷 in parallel do7

𝑁𝐺 (𝑢 ) ← Prune (𝑢, 𝑁𝐺 (𝑢 ) ∪ {𝑣 |𝑢 ∈ 𝑁𝐺 (𝑣) }, 𝑀);8

find connected components via DFS;9

add extra edges into 𝐸 (𝐺 ) between connected components;10

return𝐺11

Algorithm 3: Prune(𝑢,𝐶 (𝑢), 𝑀)
Input : a vertex 𝑢, neighbor set𝐶 (𝑢 ) and out-degree limit𝑀
Output : a pruned neighbor set of 𝑢
𝑃𝑟𝑢𝑛𝑒𝑑𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟 ← ∅;1

for each 𝑣 ∈ 𝐶 (𝑢 ) in the ascending order of 𝑑𝑖𝑠𝑡 (𝑢, 𝑣) do2

𝐷𝑜𝑚𝑖𝑛𝑎𝑡𝑒𝐹𝑙𝑎𝑔← false;3

for each 𝑤 ∈ 𝑃𝑟𝑢𝑛𝑒𝑑𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟 do4

if 𝑑𝑖𝑠𝑡 (𝑣, 𝑤 ) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣) then5

𝐷𝑜𝑚𝑖𝑛𝑎𝑡𝑒𝐹𝑙𝑎𝑔← true;6

if 𝐷𝑜𝑚𝑖𝑛𝑎𝑡𝑒𝐹𝑙𝑎𝑔 = false then7

𝑃𝑟𝑢𝑛𝑒𝑑𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟 ← 𝑃𝑟𝑢𝑛𝑒𝑑𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟 ∪ {𝑣}8

if |𝑃𝑟𝑢𝑛𝑒𝑑𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟 | ≥ 𝑀 then break;9

return 𝑃𝑟𝑢𝑛𝑒𝑑𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟10

(Lines 5-6). To improve the graph connectivity, unidirectional edges
are added between 𝑢 and each 𝑣 ∈ 𝑁𝐺 (𝑢), which might trigger an
extra pruning process in order to limit the out-degree of 𝑢 (Lines
7-8). Finally, a depth-first search (DFS) is employed to identify any
remaining connected components in 𝐺 , and additional edges are
then added to connect them together (Lines 10-11).

The widely used pruning process focuses on eliminating the
longest edge within each possible triangle formed by the points
in the dataset. For simplicity, we call this strategy as RNG pruning.
Specifically, if edge (𝑢, 𝑣) exists in the NSG only if 𝑣 is not domi-
nated by any neighbor𝑤 of 𝑢, i.e., there is no edge (𝑢,𝑤) such that
𝑑𝑖𝑠𝑡 (𝑢,𝑤) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣) and 𝑑𝑖𝑠𝑡 (𝑣,𝑤) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣). In the practical
version of NSG, this pruning process for each node 𝑢 is modified
in two aspects, i.e., (1) the out-neighbors of each 𝑢 are only picked
from the close neighbor set 𝐶 (𝑢) and (2) each node has at most𝑀
out-neighbors. The first modification improves the construction
efficiency, while the second accelerates 𝑘-ANN search in NSG. The
details of are presented in Algorithm 3. Each candidate neighbor
𝑣 ∈ 𝐶 (𝑢) is checked individually, in ascending order of 𝑑𝑖𝑠𝑡 (𝑢, 𝑣)
(Line 2). 𝑣 is selected as a neighbor of 𝑢 only if it is not dominated

Algorithm 4: BuildHNSW(𝐷, 𝑒 𝑓 , 𝑀)
Input : dataset 𝐷 and two parameters 𝑒 𝑓 and𝑀
Output : an HNSW𝐺

𝑚𝐿 ← 0;1

initialize𝐺0 with a randomly selected point 𝑣 ∈ 𝐷 and no edges;2

for each 𝑢 ∈ 𝐷 \ {𝑣} in parallel do3

randomly determine the highest layer of 𝑢 is 𝑙 ;4

if 𝑙 >𝑚𝐿 then5

𝑚𝐿 ← 𝑙 ; 𝑒𝑝 ← 𝑢;6

/* Phase 1: Search */

𝑤 ← 𝑒𝑝 ;7

for each 𝑖 ←𝑚𝐿 downto 𝑙 + 1 do8

𝑤 ← KANNSearch(𝐺𝑖 ,𝑢, 1, 1, 𝑤);9

𝑊𝑙+1 ← {𝑤};10

for 𝑖 ← 𝑙 downto 0 do11

𝑊𝑖 ← KANNSearch(𝐺𝑖 ,𝑢, 𝑒 𝑓 , 𝑒 𝑓 ,𝑊𝑖+1 [0]);12

/* Phase 2: Refinement */

for 𝑖 ← 𝑙 downto 0 do13

for each 𝑢 ∈ 𝑉 (𝐺𝑖 ) do14

𝑁𝐺𝑖 (𝑢 ) ←Prune (𝑢,𝑊𝑖 , 𝑀);15

for each 𝑢 ∈ 𝑉 (𝐺𝑖 ) do16

𝑁𝐺𝑖 (𝑢 ) ←Prune (𝑢, 𝑁𝐺𝑖 (𝑢 ) ∪ {𝑣 |𝑢 ∈ 𝑁𝐺𝑖 (𝑣) }, 𝑀);17

return𝐺 = {𝐺0,𝐺1, . . . ,𝐺𝑚𝐿 }18

by any existing neighbors (Lines 3-8), and the process terminates
once𝑀 neighbors have been selected (Line 9).

As to other RNG methods such as DPG [33] and 𝜏-MNG [48],
we can build them by only replacing the RNG pruning strategy
(Algorithm 3) with their own ones. Hence, the mainstream RNG
methods follow the same framework of index construction.

3.2 NSWG Index Construction
Unlike RNG, NSWG is constructed by incrementally inserting nodes
into the current graph and connecting each node to a subset of its
𝑘-ANN found in the current graph. Following this idea, several
methods such as NSW [38], HNSW [39] and LSH-APG [63] are
proposed, where HNSW [39] stands out as the SOTA approach.
Hence, in this section, we focus on the HNSW construction process.

As illustrated in Figure 1(b), the construction of HNSW involves
two phases for each inserted point: search and refinement. The
details are presented in Algorithm 4. HNSW begins by initializ-
ing the graph with a single point (Lines 1-2). For each remaining
point, HNSW randomly determines its highest layer 𝑙 using an
exponentially decaying probability distribution (Line 4). Like NSG,
the search phase focuses on finding a candidate neighbor set for
each node 𝑢. It starts the search from the top layer down to layer
𝑙 + 1 via greedy routing (Lines 8-9) and performs 𝑘-ANN search on
each lower layer to obtain the candidate neighbor set for refinement
(Lines 10-12). Next, for each lower layer (from 𝑙 to 0), HNSW applies
the RNG pruning strategy (Algorithm 3) to prune the neighbors
obtained from the search phase. Like NSG, HNSW adds undirec-
tional edges between the inserted node and its selected neighbors
to enhance connectivity, while limiting the out-degree of each node
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Figure 2: The effects of the 𝑘-CNA quality (average recall of
every node) on the search performance of the derived PG

to a specific number𝑀 (Lines 16-17). However, there is no connect
operation in the refinement phase of HNSW.

3.3 PG Construction Issues
As discussed above, we can see that both RNG and NSWG con-
struction share the same procedure for each node 𝑢 ∈ 𝐷 , i.e.,
finding a set of 𝑘 close neighbors of 𝑢, denoted size-𝑘 candidate
neighbor set acquisition (𝑘-CNA), and then derive the PG by the
refinement phase that takes the 𝑘-CNA results as input. Specifi-
cally, the RNG construction method combines initialization phase
and search phase to generate the 𝑘-CNA results, while the search
phase of NSWG construction performs 𝑘-ANN search on the cur-
rent incomplete graph index for 𝑘-CNA results. Hence, both RNG
and NSWG are derived from the 𝑘-CNA results in refinement phase.

Due to the importance of the 𝑘-CNA results, there are two per-
formance aspects of obtaining 𝑘-CNA, i.e., efficiency and quality.
First, the cost of obtaining 𝑘-CNA results contributes to the total
construction cost and thus its efficiency is key to the construction
efficiency. Second, the 𝑘-CNA quality, measured by the average
over the recall of the 𝑘-CNA neighbors for each node 𝑢 ∈ 𝐷 w.r.t.
its exact 𝑘 nearest neighbors, significantly affects the 𝑘-ANN search
performance of the graph index derived from 𝑘-CNA results. We
present such an effect through the following experimental study.
The Importance of 𝑘-CNA Quality: For the PG derived from
𝑘-CNA results by refinement phase, there are two aspects of its
search performance, i.e., efficiency by queries per second (QPS) and
accuracy by 𝑅𝑒𝑐𝑎𝑙𝑙@10 of returned 𝑘-ANN. As depicted in Figure 2,
each curve represents the search performance of a derived PG with
a distinct recall of 𝑘-CNA results. The results clearly indicate that
the 𝑘-CNA quality significantly impacts the search performance
of the derived PG. Specifically, the recall of 𝑘-CNA results exhibits
a positive effect on the search performance of PG. Such an effect
could also observed on other PGs such as DPG and 𝜏-MNG. Notably,
the 𝑘-CNA quality of HNSW is limited to 0.5 due to its incremental
node-by-node insertion strategy of index construction.

Considering the strong relationship between the quality of 𝑘-
CNA and search performance, we identify two issues in the con-
struction of RNG and NSWG respectively.
RNG Construction Issue: RNG methods suffer from inefficiency
in obtaining 𝑘-CNA results, caused by search phase that takes the
initial KNNG generated by initialization phase as the graph index
for accuracy improvement. As demonstrated in previous experimen-
tal studies [33, 58], with similar (e.g. tens of ) average out-degrees,
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Figure 3: The cost decomposition of PG construction

KNNG is more prone to local optima than RNG and NSWG due to di-
rectional edges and weak connectivity. To address this, RNG equips
the initial KNNG with a pretty large (e.g. hundreds of) out-degree,
which enhances the 𝑘-CNA quality but leads to an inefficiency
issue. As depicted in Figure 3, the search on KNNG to enhance
the 𝑘-CNA quality constitutes a significant portion of the overall
cost of building the representative RNG method (i.e., NSG), which
even surpasses that taken for initialization on the Gist1M dataset.
A similar phenomenon could be found in other RNG methods such
as 𝜏-MNG.
NSWG Construction Issue: NSWG methods suffer from a poor
𝑘-CNA quality in construction, caused by its building strategy of
incremental node-by-node insertions: utilizes the current graph
index with only a part of nodes to conduct 𝑘-ANN search for 𝑘-CNA
results. Hence, the expected value of 𝑘-CNA quality in NSWG is
only 0.5 even if all the 𝑘-ANN queries are answered correctly. Since
achieving exact correctness in 𝑘-ANN queries is not feasible, the
average recall in practice is upper bounded by 0.5, as demonstrated
in Figure 2(b).

4 REFINEMENT BEFORE SEARCH
In this section, we focus on addressing the issue identified in the last
section regarding the RNG construction. At a high level, we propose
replacing the search-before-refinement scheme (Figure 1(a)) with a
refinement-before-search scheme (Figure 1(c)) in RNG construction.
To enhance the efficiency of acquiring high-quality 𝑘-CNA results,
we introduce a novel pruning strategy, 𝛼-pruning for neighbor
selection in refinement (Section 4.1). Then, we theoretically analyze
our proposed scheme to demonstrate its efficacy (Section 4.2).

4.1 𝛼-Pruning Strategy
To enhance the 𝑘-CNA efficiency in RNG, we do not use the initial
KNNG 𝐺 as the index used in search phase due to its large out-
degree. In our new scheme, we conduct the first refinement on
KNNG𝐺 to obtain an RNG index denoted as𝐺 with a much smaller
out-degree, then conduct the search phase on 𝐺 to obtain the 𝑘-
CNA results, which are further used to produce the final RNG index
via the second refinement.

However, altering the order of refinement and search directly is
unsuitable for index construction due to the following issue.
RNG Pruning Issue: In Section 3, we discuss the RNG pruning
strategy used in the refinement as shown in Figure 5, the edge (𝑢, 𝑣)
will be pruned if there exists edge (𝑢,𝑤) such that 𝑑𝑖𝑠𝑡 (𝑢,𝑤) <
𝑑𝑖𝑠𝑡 (𝑢, 𝑣) and 𝑑𝑖𝑠𝑡 (𝑣,𝑤) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣). However, as shown in the
following example, it is primarily not designed for 𝑘-CNA.
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Figure 4: Comparing 𝑘-CNA results on Glove.

Example 4.1: As shown in Figure 5, 𝑤 and 𝑣 are out-neighbors
of 𝑢 in KNNG, and the RNG pruning strategy applied leads to the
pruning of edge (𝑢, 𝑣) by𝑤 . Consider a scenario where there exists a
query point 𝑞 such that 𝑑𝑖𝑠𝑡 (𝑢, 𝑞) < 𝑑𝑖𝑠𝑡 (𝑣, 𝑞) < 𝑑𝑖𝑠𝑡 (𝑤,𝑞). During
beam search on KNNG, 𝑣 is found when 𝑢 is included in 𝑝𝑜𝑜𝑙 as
defined in Algorithm 1. However, after pruning, 𝑣 may no longer
be found even if 𝑢 is included in 𝑝𝑜𝑜𝑙 . This is because𝑤 might not
be successfully inserted in 𝑝𝑜𝑜𝑙 due to its longer distance. Thus, in
such cases, the 𝑘-CNA quality on NSG is inferior to that on KNNG.

Notably, the RNG pruning is designed to guarantee the finding of
the 1-NN through greedy routing when 𝑞 ∈ 𝐷 [17]. Following this
approach, several other pruning strategies have been introduced,
e.g., [16, 48, 50]. However, to the best of our knowledge, there is
currently no existing study that specifically addresses the pruning
strategy for 𝑘-CNA beyond the context of finding the 1-NN.

Motivated by this, we introduce a novel pruning strategy named
𝛼-pruning for the refinement. Different to RNG pruning strategy,
our strategy enables efficient retrieval of 𝑘-CNA results while al-
lowing the control of the 𝑘-CNA quality by the parameter 𝛼 .
𝛼-pruning: An edge (𝑢, 𝑣) exists in the graph only if there is no
edge (𝑢,𝑤) in the graph where 𝑑𝑖𝑠𝑡 (𝑢,𝑤) < 𝑑𝑖𝑠𝑡 (𝑢, 𝑣), 𝑑𝑖𝑠𝑡 (𝑣,𝑤) <
𝑑𝑖𝑠𝑡 (𝑢, 𝑣), and ∠𝑢𝑤𝑣 > 𝛼 .

The practical effectiveness of our proposed 𝛼-pruning is demon-
strated in the following example, with theoretical analysis to follow
in the subsequent subsection.

Example 4.2: To compare the 𝑘-CNA results, we randomly sam-
ple query points from the dataset as queries, and conduct 50-ANN
search with varying beam widths on Glove dataset using three
different graph indexes: KNNG, NSG, and 𝛼-PG with 𝛼 = 66◦. The
accuracy of 𝑘-ANN search results is assessed from two angles: com-
paring results with the same beam width and comparing results
within the same running time. In Figure 4, with the same beam
width setting, it is evident that compared to KNNG, NSG compro-
mises the quality of 𝑘-CNA results, whereas 𝛼-PG maintains similar
or superior quality, especially with increasing beam width. From a
time-based perspective, the search on 𝛼-PG emerges as the most
effective choice.

4.2 Analysis of Our Scheme
In this subsection, we evaluate the performance of the refinement-
before-search scheme by assessing the quality loss incurred by our
pruning strategies in comparison to directly searching on KNNG.

Our discussion is based on comparing the search paths from the
query to the ground-truth nodes on 𝐺 and 𝐺 .

To be formal, we denote the KNNG as𝐺 and the one obtained

𝑢 𝑣

𝑤
𝛼

𝑞

Figure 5: An example of 𝛼-
pruning strategy

Figure 6: The size of ∠𝑢𝑤𝑣 by
Monte Carlo simulations

by applying 𝛼-pruning on𝐺 as𝐺 . For a 𝑘-CNA query 𝑞, we sort all
nodes based on their distance to 𝑞, we assign them ranks denoted
as 𝑝1, 𝑝2, . . . , 𝑝𝑛 , where the subscript represents the rank of each
node, i.e., 𝑝𝑖 is the 𝑖-NN of 𝑞 and 𝑟𝑎𝑛𝑘 (𝑞, 𝑝𝑖 ) = 𝑖 . For a path 𝑃 =

[𝑣1, · · · , 𝑣𝑚], we denote 𝛿 (𝑃) = max𝑥∈{𝑣1,· · · ,𝑣𝑚 } 𝑟𝑎𝑛𝑘 (𝑞, 𝑥), that
is, 𝛿 (𝑃) denotes the maximum rank of nodes among path 𝑃 . For
each node 𝑢 ∈ 𝑉 (𝐺), let 𝑆𝑃 (𝑞,𝑢) be the set containing all paths
from 𝑞 to 𝑢 in graph 𝐺 , we use Δ(𝐺,𝑞,𝑢) to denote the path in
𝑆𝑃 (𝑞,𝑢) that minimizes the maximum rank among its nodes, i.e.,
Δ(𝐺,𝑞,𝑢) = argmin𝑃∈𝑆𝑃 (𝑞,𝑢 ) 𝛿 (𝑃).
Theorem 4.1: Assume 𝑆1, 𝑆2 are the results of beam search with
width 𝐿 for query 𝑞 on KNNG𝐺 and pruned KNNG 𝐺 respectively. If
𝛿 (Δ(𝐺,𝑞, 𝑝𝑘 )) = 𝛿 (Δ(𝐺,𝑞, 𝑝𝑘 )), we have 𝑝𝑘 ∈ 𝑆1 implies 𝑝𝑘 ∈ 𝑆2.
Proof Sketch: We assume Δ(𝐺,𝑞, 𝑝𝑘 ) and Δ(𝐺,𝑞, 𝑝𝑘 ) are distinct;
otherwise, the proof is trivial. We prove it by contradiction. Assume
𝑝𝑘 ∈ 𝑆1, 𝑝𝑘 ∉ 𝑆2 when 𝛿 (Δ(𝐺,𝑞, 𝑝𝑘 )) = 𝛿 (Δ(𝐺,𝑞, 𝑝𝑘 )). Then, there
must exist a node 𝑣 ∈ Δ(𝐺,𝑞, 𝑝𝑘 ) that has not been successfully
inserted into the beam search queue, indicating that the path from 𝑞

to 𝑝𝑘 has not been discovered. Since Δ(𝐺,𝑞, 𝑝𝑘 ) exists in𝐺 and does
not disturb the search on path Δ(𝐺,𝑞, 𝑝𝑘 ), we have 𝑟𝑎𝑛𝑘 (𝑣, 𝑞) <
𝛿 (Δ(𝐺,𝑞, 𝑝𝑘 )). However, for the same reason, such a node 𝑣 does not
exist, because the node with 𝛿 (Δ(𝐺,𝑞, 𝑝𝑘 )) has been successfully
inserted, not to mention a node like 𝑣 with a lower rank. Hence,
such 𝑣 does not exist, which leads to a contradiction. □

According to Theorem 4.1, a node with a higher rank appearing
in the search path on 𝐺 indicates that we miss a closer neighbor
in the 𝑘-CNA results, i.e., 𝑘-CNA quality loss compared with the
search on 𝐺 . Such a loss is caused by the 𝛼-pruning operations on
𝐺 for the sake of 𝑘-CNA efficiency. Being a widely-used pruning
strategy, we have demonstrated in Example 4.1 that RNG pruning
results in higher ranks in the path, leading to quality loss. Next, our
focus shifts to analyzing our newly proposed 𝛼-pruning strategy.

We employ the following lemma to establish the relationship
between 𝛼 and the 𝑘-CNA quality loss caused by 𝛼-pruning.

Lemma 4.1: Assume the points are uniformly distributed in infinite
space. If the RNG pruning strategy prunes an edge (𝑢, 𝑣) caused by
the edge (𝑢,𝑤), and ∠𝑢𝑤𝑣 = 𝛼 , then the probability that 𝑤 has a
higher rank than both 𝑢 and 𝑣 for any query point is 𝜋−𝛼2𝜋 .

Proof Sketch: Since the distance from𝑤 to query 𝑞 is greater than
the distance from 𝑢 and 𝑣 , it implies that 𝑞 must be located in the
region divided by the perpendicular hyperplane between 𝑢𝑤 and
𝑣𝑤 and farthest from𝑤 . The angle corresponding to that region is
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𝜋 − 𝛼 . Therefore, there is a probability of 𝜋−𝛼2𝜋 that𝑤 has a higher
rank than both 𝑢 and 𝑣 for query 𝑞. □

According to Lemma 4.1, as 𝛼 increases, the probability that 𝛼-
pruning leads to𝑘-CNA quality loss decreases. As shown in Figure 6,
through Monte Carlo simulations, the expected value of the angle
∠𝑢𝑤𝑣 is approximately 100◦. This indicates that one successful
𝛼-pruning leads to a higher maximum rank along the path (i.e.,
𝑘-CNA quality loss) with about 0.2 ( 180−100360 ) probability. Hence,
we can control such a probability via 𝛼 . Lemma 4.1 describes the
relationship between 𝛼 and 𝑘-CNA quality loss in the perspective
of the neighborhood of a single node. In the following, we further
present such a relationship in the view of the search path on 𝐺 .

Theorem 4.2: Assume the points are uniformly distributed in infinite
space. For any path 𝑃 = [𝑞, · · · , 𝑝𝑘 ], at least successfully utilizing
𝛼-pruning strategy 2𝜋

𝜋−𝛼 times in expectation leads to a larger value
𝛿 (𝑃) of the path.
Proof Sketch: From lemma 4.1, we know the successful 𝛼-pruning
has at most 𝑃𝑟 = 𝜋−𝛼

2𝜋 probability leads to a higher rank. Since each
𝛼-pruning is independent, the expected number of 𝛼-pruning leads
to a higher rank is 1𝑃𝑟 + 2𝑃𝑟 (1 − 𝑃𝑟 ) + 3𝑃𝑟 (1 − 𝑃𝑟 )2 + · · · = 1/𝑃𝑟 .
Hence, at least 2𝜋

𝜋−𝛼 𝛼-pruning in expectation leads to a higher rank
in the path. □

According to Theorem 4.2, when 𝛼 is small, a short search path
from 𝑞 to 𝑝𝑘 will lead to 𝑘-CNA quality loss in expectation. For
example, when 𝛼 = 60◦, 𝑘-CNA quality loss happens once the path
length reaches 3 in expectation. However, as we are aware, the path
length from 𝑢 to 𝑝𝑘 is approximately 6 [33, 53]. Hence, this could
result in quality loss when applying the RNG pruning strategy
directly. Fortunately, through our proposed 𝛼-pruning strategy, we
can mitigate the risk of quality loss in 𝑘-CNA by carefully setting
the value of 𝛼 . Note that when 𝛼 = 60◦, 𝛼-pruning equals the RNG
pruning. Hence, by setting 𝛼 > 60◦, 𝛼-pruning is able to reduce the
𝑘-CNA quality loss caused by our refinement-before-search scheme
compared with the RNG pruning. We will discuss the selection of
𝛼 in the exp.1-b in Section 6.

5 A NEW PG CONSTRUCTION FRAMEWORK
In this section, we provide comprehensive details of our new con-
struction framework for RNG andNSWG. Combining the approaches
outlined in the previous section, we first present an optimized 𝑘-
CNA approach in Section 5.1, and thenwe present our new construc-
tion methods for RNG on top of our optimized 𝑘-CNA approach in
Section 5.2. Further, we enhance the NSWG construction by combin-
ing a layer-by-layer insertion strategy with the RNG construction
framework in Section 5.3. In Section 5.4, optimization techniques
are introduced to enhance the efficiency of RNG construction frame-
work. Lastly, we consolidate all the methods discussed and present
a streamlined and effective framework that can be applied to the
construction of other PG methods, as in Section 5.5.

5.1 Optimized 𝑘-CNA Approach
In this part, we present the details of our 𝑘-CNA method following
the refinement-before-search scheme proposed in the last section.We
present OptKCNA inAlgorithm 5. It takes the current𝑘-CNA results
{𝐶 (𝑢) |𝑢 ∈ 𝐷} as input, where 𝐶 (𝑢) could be the 𝑘 out-neighbors

Algorithm 5: OptKCNA({𝐶 (𝑢) |𝑢 ∈ 𝐷}, 𝑘, 𝐿,𝑀, 𝛼)
Input : {𝐶 (𝑢 ) |𝑢 ∈ 𝐷 } and four parameters 𝑘 , 𝐿,𝑚 and 𝛼
Output : refined 𝑘-CNA results {𝐶 (𝑢 ) |𝑢 ∈ 𝐷 }
/* Phase 2: Refinement ( �̂� =Refine ({𝐶 (𝑢 ) |𝑢 ∈ 𝐷 }, 𝑀, 𝛼 )) */

for each 𝑢 ∈ 𝐷 in parallel do1

𝑁
�̂�
(𝑢 ) ← Prune (𝑢,𝐶 (𝑢 ) , M, 𝛼 );2

for each 𝑢 ∈ 𝐷 in parallel do3

𝑁
�̂�
(𝑢 ) ← Prune (𝑢, 𝑁

�̂�
(𝑢 ) ∪ {𝑣 |𝑢 ∈ 𝑁

�̂�
(𝑣) }, 𝑀, 𝛼 );4

find connected components via DFS;5

add extra edges into 𝐸 (�̂� ) between connected components;6

/* Phase 3: Search */

for each 𝑢 ∈ 𝐷 in parallel do7

𝐶 (𝑢 ) ← KANNSearch (�̂�,𝑢, 𝑘, 𝐿,𝑢);8

return {𝐶 (𝑢 ) |𝑢 ∈ 𝐷 }9

from the initial KNNG𝐺𝑘0 , and outputs the refined 𝑘-CNA results
by two steps, i.e. refinement and search. In refinement, a PG index
𝐺 is directly derived by first applying 𝛼-pruning on𝐺𝑘0 (Lines 1-4),
where𝐶 (𝑢) = 𝑁𝐺𝑘0

(𝑢), and then enhancing the graph connectivity
(Lines 5-6). In search, the 𝑘-CNA results of each node𝑢 is enhanced
via a 𝑘-ANN search on 𝐺 (Lines 7-8).

Compared with the RNG construction, our method can be seen
as a reversal of search and refinement. However, OptKCNA is more
efficient due to the smaller node out-degrees and keeps the 𝑘-CNA
quality with a high probability as our analysis in Section 4.2.

5.2 Self-Iterative Construction of RNG
According to our refinement-before-search scheme, we could gen-
erate the final RNG index by applying another refinement on the
results of OptKCNA. However, such a simple construction strategy
still faces the following challenges, in order to balance the 𝑘-CNA
efficiency and quality.
Difficulty of Tuning Parameters in Search Phase: In the search
phase, 𝐿 is the key parameter to the efficiency-quality balance
and thus should be carefully selected. However, the best choice
of 𝐿 varies from datasets. Grid search is commonly employed for
finding the best 𝐿 [33, 58], which builds a corresponding graph
index for each potential 𝐿 value with a huge cost. Hence, this one-
shot strategy of setting 𝐿 is considerably time-consuming.

To address this issue, we take the progressive strategy of tuning
𝐿 and propose a self-iterative framework with two key components,
i.e., quality examination and iterative refinement. The former
determines the termination condition of our framework, while the
latter defines the behaviour in each iteration. Again, we use the
NSG as the representative RNG to illustrate the details.
Quality Examination: As determining the quality of NSG itself
is challenging, we utilize the 𝑘-CNA quality to assess the quality
of the derived NSG. However, computing the 𝑘-CNA quality can
be time-consuming, as it requires brute-force computation of the
ground truth (exact 𝑘-nearest neighbors of each node). To address
this issue, we estimate the 𝑘-CNA quality via sampling. Specifically,
we employ a random selection process to choose a specific number
𝑛𝑠 of nodes (we will discuss later) and then compute the average
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Algorithm 6: IterNSG(𝐷,𝑘0, 𝑘, 𝐿,𝑀, 𝛼)
Input : dataset 𝐷 and five parameters 𝑘0, 𝑘 , 𝐿,𝑀 and 𝛼
Output : an NSG𝐺
/* Phase 1: Initialization */

build the initial KNNG𝐺𝑘0 via KGraph [15];1

for each 𝑢 ∈ 𝐷 in parallel do2

𝐶 (𝑢 ) = 𝑁𝐺𝑘0 (𝑢 ) ;3

/* Phase 4: Quality Examination */

while the estimator 𝑟 does not achieve the requirement do4

{𝐶 (𝑢 ) |𝑢 ∈ 𝐷 } ← OptKCNA ({𝐶 (𝑢 ) |𝑢 ∈ 𝐷 }, 𝑘, 𝐿,𝑀, 𝛼 );5

estimate the quality of {𝐶 (𝑢 ) |𝑢 ∈ 𝐷 } as 𝑟 ;6

/* Phase 2: Refinement */

𝐺 =Refine ({𝐶 (𝑢 ) |𝑢 ∈ 𝐷 }, 𝑀) as Lines 5-10 in Algorithm 2;7

return𝐺8

recall over the𝑘-CNA results of those sampled nodes as an estimator
for the average recall over all nodes, i.e., the 𝑘-CNA quality.

We then delve into determining the value of 𝑛𝑠 to ensure that
the estimation obtained through random sampling possesses a the-
oretical guarantee. Let 𝑟 (𝑢) denote the quality of current 𝑘-CNA
results of 𝑢, and 𝑟 (𝐺) = ∑

𝑢∈𝐺 𝑟 (𝑢) the precise sum of recall of
each node in the graph 𝐺 . Suppose we randomly select 𝑛𝑠 nodes
𝑆 = {𝑢1, · · · , 𝑢𝑛𝑠 }. We can compute their sum of recall, denoted
as 𝑟 (𝑆) = ∑

𝑢∈𝑆 𝑟 (𝑢). By the Chernoff bounds [41], the following
theorem proves 𝑟 (𝑆 )𝑛𝑠

is an accurate estimator of 𝑟 (𝐺 )𝑛 when the
number of samples 𝑛𝑠 is sufficiently large.

Theorem 5.1: Assume that 𝑛𝑠 satisfies 𝑛𝑠 ≥ (8 + 2𝜀)𝑙 log𝑛/𝜀2. Then
the inequality | 𝑟 (𝑆 )𝑛𝑠

− 𝑟 (𝐺 )𝑛 | <
𝜀
2 holds with at least 1−𝑛

−𝑙 probability.

Proof Sketch: We regard 𝑟 (𝑆) as the sum of 𝑛𝑠 i.i.d. Bernoulli
variables with amean 𝜇 = 𝑟 (𝐺)/𝑛. Thenwe have 𝑃𝑟 [| 𝑟 (𝑆 )𝑛𝑠

− 𝑟 (𝐺 )𝑛 | ≥
𝜀
2 ] = 𝑃𝑟 [|𝑟 (𝑆) −𝑛𝑠𝜇 | ≥ 𝜀𝑛𝑠

2 ] = 𝑃𝑟 [|𝑟 (𝑆) −𝑛𝑠𝜇 | ≥ 𝜀
2𝜇 ·𝑛𝑠𝜇]. Let 𝛿 =

𝜀
2𝜇 , by the Chernoff bounds, 𝜇 ≤ 1 and 𝑛𝑠 ≥ (8+2𝜀 )𝑙 log𝑛𝜀2

, we have

𝑃𝑟 [| 𝑟 (𝑆 )𝑛𝑠
− 𝑟 (𝐺 )𝑛 | ≥

𝜀
2 ] ≤ 𝑒𝑥𝑝 (− 𝛿

2+𝛿 · 𝑛𝑠𝜇) = 𝑒𝑥𝑝 (− 𝜀2𝑛𝑠
8𝜇+2𝜀 ) ≤

1
𝑛𝑙
. □

It is worth noting that such estimation can be executed asyn-
chronously with index construction, allowing for the evaluation of
the index after each iteration while progressively building the index.
Simultaneously, we can estimate 𝑘-CNA quality and terminate the
process once deemed satisfactory.
Iterative Refinement: Once we have the quality examination, we
can design an iterative refinement approach for NSG construction.
This involves conducting further searches on 𝛼-PG (i.e., the graph
index derived by 𝛼-pruning on current 𝑘-CNA results with con-
nectivity enhancement) when the quality is deemed insufficient.
The details are presented in Algorithm 6. The initialization phase
remains the same as the original NSG, where 𝑘-CNA results are
obtained from a KNNG (Line 1-3). The iterative process continues
until the quality requirement is met (Line 4). Alternatively, the
termination condition can be set based on the number of iterations.
Within each iteration, 𝑘-CNA results are refined using Algorithm 5
(Line 5). Once the iterative process terminates, the 𝑘-CNA results

Algorithm 7: OptHNSW(𝐷,𝑘0, 𝑒 𝑓 , 𝑀, 𝛼)
Input : dataset 𝐷 and four parameters 𝑘0, 𝑒 𝑓 ,𝑀 and 𝛼
Output : an HNSW𝐺

for each 𝑢 ∈ 𝐷 in parallel do1

randomly determine the highest layer of 𝑢 as 𝑙 (𝑢 ) ;2

𝑚𝐿 ← max𝑢∈𝐷 𝑙 (𝑢 ) ;3

randomly select 𝑒𝑝 from the points in layer𝑚𝐿 ;4

for 𝑖 ←𝑚𝐿 downto 0 in parallel do5

𝐷𝑖 ← {𝑢 |𝑙 (𝑢 ) ≥ 𝑖 };6

if |𝐷𝑖 | ≤ 𝑀 then7

𝑁𝐺𝑖 (𝑢 ) ← 𝐷𝑖 for each 𝑢 ∈ 𝐷𝑖 ;8

else9

𝐺𝑖 ←IterNSG (𝐷𝑖 , 𝑘0, 𝑒 𝑓 , 𝑒 𝑓 ,𝑀, 𝛼 );10

return𝐺 = {𝐺0,𝐺1, . . . ,𝐺𝑚𝐿 }11

are further pruned via RNG pruning and connectivity enhancement
to obtain the NSG (Line 7).

5.3 Global Construction of NSWG
As mentioned in the previous section regarding the NSWG con-
struction issue, the poor 𝑘-CNA quality primarily arises due to
the incremental node-by-node insertion strategy and the search
conducted on the current incomplete graph index that includes
only a portion of nodes. In this part, we still use HNSW as the
representative NSWG index, and propose a global construction of
HNSW, which achieves 𝑘-CNA results on whole data points in each
layer instead of only a part.

Our global construction of HNSW is built on top of a layer-by-
layer insertion strategy in a top-down manner. To be specific, we
first determine the layers for each node before the actual layer
insertion and thus we obtain the whole set of nodes in each layer.
Afterward, we employ our RNG construction framework in Sec-
tion 5.2 to build a graph index for each layer. In this way, each layer
of HNSW is built on top of 𝑘-CNA results w.r.t the whole set of
nodes in each layer instead of only a subset. Hence, the 𝑘-CNA
quality of each layer will significantly exceed 0.5 (i.e., the upper
bound in the original HNSW). Note that each layer of HNSW is
actually an RNG index, since it takes the RNG pruning strategy to
prune the 𝑘-CNA results only without the connectivity enhance-
ment via DFS. Subsequently, we insert the RNG index of the layer
into HNSW according to the layer-by-layer insertion strategy.

The details of our HNSW construction are presented in Algo-
rithm 7. Initially, we randomly determine the layer of each node,
following the same approach as in the original HNSW (Lines 1-3).
Then, we select one node at the top layer as the entry node 𝑒𝑝 (Line
4). The index construction proceeds from the top layer to the bottom
layer (Line 5). For nodes in each layer (Line 6), we directly connect
them if the number of nodes does not exceed the out-degree limit𝑀
(Lines 7-8). Alternatively, we apply our optimized NSG construction
to obtain the index (Lines 9-10).

5.4 Implementation Details
In this part, we discuss two crucial optimization techniques aimed
at improving the construction efficiency of our RNG framework as
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Figure 7: Examples of repeated distance computations

well as NSWG framework. To discuss the details briefly later, in the
𝑖-th iteration of Algorithm 6, 𝑘-CNA results are formed as a KNNG
(of the dataset) denoted as 𝐺𝐾

𝑖
, and the 𝛼-PG is denoted as 𝐺𝑁

𝑖
.

P2K: from𝛼-PG toKNNG.This process entails answering a𝑘-ANN
query on the current 𝛼-PG for each 𝑢 ∈ 𝐷 . The optimization efforts
primarily avoid repeated distance computations. It is evident that
multiple iterations of P2K involve repeated distance computations,
as each point 𝑢 is inquired multiple times, leading to redundant
verification of its similar points. This happens during node expan-
sions, as depicted in Lines 5-6 of Algorithm 1, when conducting
𝑘-ANN search for node 𝑢.

Example 5.1: Figure 7(a) shows an example, where the nodes
colored yellow indicate new members in 𝑖-th iteration and 𝑋𝑖 (𝑢)
denotes the set of expanded nodes in the 𝑖-th iteration. In the ex-
ample, the search path 𝑢 → 𝑣 → 𝑤 is found in two consecutive
iterations and thus 𝑑𝑖𝑠𝑡 (𝑢,𝑤) are computed twice.

In P2K, the computation of𝑑𝑖𝑠𝑡 (𝑢,𝑤) occurs in both the (𝑖−1)-th
and 𝑖-th iterations, when 𝑣 ∈ 𝑋𝑖−1 (𝑢) ∩ 𝑋𝑖 (𝑢) and𝑤 ∈ 𝑁𝐺𝑁

𝑖−1
(𝑣) ∩

𝑁𝐺𝑁
𝑖
(𝑣). In this case, 𝑣 is expanded and 𝑤 is a neighbor of 𝑣 in

both iterations. Furthermore, it is worth noting that for each node
𝑣 ∈ 𝐷 , 𝑁𝐺𝑁

𝑖
(𝑣) remains similar (with only a small portion being

changed) when 𝑁𝐺𝐾
𝑖−1
(𝑣) is sufficiently accurate. As a result, the

size of 𝑁𝐺𝑁
𝑖−1
(𝑣) ∩ 𝑁𝐺𝑁

𝑖
(𝑣) increases resulting in more repeated

distance computations.
To address this issue, we propose adding additional information

to the neighbor list of each node. Firstly, we compare 𝑋𝑖 (𝑢) and
𝑋𝑖−1 (𝑢) to determine whether each 𝑣 ∈ 𝑋𝑖 (𝑢) has already been
in 𝑋𝑖−1 (𝑢). We accomplish this by adding a boolean value to each
member in 𝑋𝑖 (𝑢). Secondly, we compare 𝑁𝐺𝑁

𝑖−1
(𝑣) and 𝑁𝐺𝑁

𝑖
(𝑣)

to record whether each 𝑤 ∈ 𝑁𝐺𝑁
𝑖
(𝑣) has appeared in 𝑁𝐺𝑁

𝑖−1
(𝑣).

Similarly, we assign a boolean value to each member in 𝑁𝐺𝑁
𝑖
(𝑣). If

a vertex 𝑣 ∈ 𝑋𝑖 (𝑢) \𝑋𝑖−1 (𝑢), we consider 𝑁𝐺𝑁
𝑖
(𝑣) as candidates of

𝑢. Otherwise, we only consider𝑁𝐺𝑁
𝑖
(𝑣)\𝑁𝐺𝑁

𝑖−1
(𝑣) as candidates. By

implementing this approach, we can effectively reduce the number
of repeated distance computations in consecutive iterations of P2K.
K2P: from KNNG to 𝛼-PG. We discuss the optimization of K2P.
Like P2K, pruning operations for the same node are done in multiple
iterations. Thus, there exist repeated distance computations and
angle computations in consecutive iterations.

Example 5.2:As shown in Figure 7(b), let us consider𝑎 ∈ 𝑁𝐺𝑁
𝑖−1
(𝑢)∩

𝑁𝐺𝑁
𝑖
(𝑢) and 𝑏 ∈ 𝑁𝐺𝐾

𝑖−1
(𝑢) ∩ 𝑁𝐺𝐾

𝑖
(𝑢). Notably, both 𝑁𝐺𝑁

𝑖
(𝑢) and

𝑁𝐺𝐾
𝑖
(𝑢) are sorted in ascending order of the distance from𝑢. Hence,

𝑑𝑖𝑠𝑡 (𝑢, 𝑎) < 𝑑𝑖𝑠𝑡 (𝑢,𝑏) holds. In such case, 𝑑𝑖𝑠𝑡 (𝑎, 𝑏) and ∠𝑢𝑎𝑏

will be computed twice when pruning the edge set {(𝑢, 𝑣) |𝑣 ∈
𝑁𝐺𝐾

𝑖−1
(𝑢))} and {(𝑢, 𝑣) |𝑣 ∈ 𝑁𝐺𝐾

𝑖
(𝑢))} respectively. That is because,

when we check 𝑏 in both iterations, 𝑎 has been in 𝑁𝐺𝑁
𝑖
(𝑢) and we

have to decide whether or not the edge (𝑢, 𝑎) dominates (𝑢,𝑏).
Besides, as 𝑖 increases, the quality of𝐺𝐾

𝑖
improves, which results

in an increase in unnecessary computations. Therefore, to reduce
such repetition, we take a strategy like that in P2K. To be specific,
we add extra information to distinguish whether or not each 𝑏 ∈
𝑁𝐺𝐾

𝑖
(𝑢) is also a member of 𝑁𝐺𝐾

𝑖−1
(𝑢) and each 𝑎 ∈ 𝑁𝐺𝑁

𝑖
(𝑢) a

member of 𝑁𝐺𝑁
𝑖−1
(𝑢). This could be easily implemented by adding

an extra boolean value for each member in 𝑁𝐺𝐾
𝑖
(𝑢) and 𝑁𝐺𝑁

𝑖
(𝑢).

With such information, let us consider whether 𝑏 ∈ 𝑁𝐺𝐾
𝑖
(𝑢) will

join𝑁𝐺𝑁
𝑖
(𝑢). If𝑏 ∉ 𝑁𝐺𝐾

𝑖−1
(𝑢), we deal with it as the normal pruning,

since there exist no distance computations between 𝑏 and members
in 𝑁𝐺𝑁

𝑖−1
(𝑢). Otherwise, we have 𝑏 ∈ 𝑁𝐺𝐾

𝑖
(𝑢) ∩ 𝑁𝐺𝐾

𝑖−1
(𝑢). If 𝑏 ∈

𝑁𝐺𝑁
𝑖−1
(𝑢), we only check whether members in 𝑁𝐺𝑁

𝑖
(𝑢) \ 𝑁𝐺𝑁

𝑖−1
(𝑢)

but omit others in 𝑁𝐺𝑁
𝑖
(𝑢). Otherwise, we process it with a normal

pruning. Hence, we can reduce those unnecessary computations
without changing the final pruning results.

5.5 Summary
The pipeline of our framework is summarized in Figure 1(c). In
the beginning, we obtain a KNNG through the initialization phase
and then enter an iterative loop to continuously enhance the 𝑘-
CNA quality until it satisfies the quality examination or achieves
the required number of iterations. During each iteration, we first
obtain an intermediate graph index from the current 𝑘-CNA results
via a new pruning strategy for neighbor selection in the refinement
phase. Subsequently, we perform a beam search for each node in
the search phase to enhance the 𝑘-CNA quality. The optimization
techniques, i.e., K2P and P2K, further accelerate the refinement and
search phases respectively.

It is important to note that our framework is not only well-
suited for NSG and HNSW, as detailed in this section, but also
could be extended to the construction of other SOTA PGs, such as
𝜏-MNG [48] and NSW [38] (as demonstrated in Exp.5 in Section 6).
This is due to the fact that the construction pipelines of all SOTA
PGs fall into the two categories we have discussed.
GPU Implementation. Our framework can be implemented on
GPU. Firstly, in the initialization phase, we can utilize GNND [54],
a GPU-based state-of-the-art KNNG construction method, to re-
place KGraph, as both GNND and KGraph are followed by the idea
of NN-Descent [15]. Secondly, for the search phase, we can paral-
lelize each search operation by treating each query independently.
Thirdly, in the refinement phase, (i) since pruning on each vertex is
independent, it can be efficiently parallelized; (ii) for connecting,
its key operation is to detect connected components in the graph,
which can be solved using existing GPU-based solutions, e.g., [3].

6 EXPERIMENTS
In this section, we present the results of our experimental study.
We begin by introducing the experimental settings, followed by
showcasing the building cost and search performance results when
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Table 3: Data statistics

Dataset size #queries dim. type
Sift1M 1,000,000 10,000 128 Image
Gist1M 1,000,000 1,000 960 Image
Msong 992,272 200 420 Audio
Crawl 1,989,995 10,000 300 Text
Glove 1,183,514 10,000 100 Text

Deep1M 1,000,000 10,000 96 Image

applying our framework to NSG, HNSW, 𝜏-MNG and NSW. Further-
more, we compare our framework with four up-to-date methods to
highlight the enhanced efficiency of our index construction without
compromising search performance. Lastly, we analyze the effects
of the optimization techniques employed and demonstrate the scal-
ability of our approach on a large dataset.
Datasets:We use 6 public datasets with diverse sizes and dimen-
sions. These datasets encompass a wide range of applications, in-
cluding image (Sift1M [1], Deep1M [58] and Gist1M [1]), audio
(Msong [11]) and text(Crawl [2] and Glove [49]). The statistics of
those data sets are summarised in Table 3, where #queries denotes
the number of queries and dim. denotes the dimensions of datasets.
The query workloads of the datasets are given in the datasets.
Besides, we take several random samples of distinct sizes from
Sift50M [1] dataset to test the scalability of our methods.
Performance Indicators: Given a PG construction method, we
care about two aspects of performance, i.e., construction cost and
search performance. We use the execution time to evaluate the con-
struction cost, denoted as “Building Time”. For search performance,
we care about efficiency measured by queries per second (QPS)
and accuracy evaluated by recall. Given a query 𝑞, let 𝑘 denote
the number of returned neighbors, 𝑁 ∗ (𝑞) be the exact 𝑘-nearest
neighbors of 𝑞, while 𝑁 (𝑞) be the set of 𝑘 returned neighbors from
different algorithms. The recall of the returned result is defined as
𝑅𝑒𝑐𝑎𝑙𝑙@𝑘 = |𝑁 ∗ (𝑞) ∩ 𝑁 (𝑞) |/𝑘 . We use the average recall over the
query set to estimate the accuracy. We set the number 𝑘 as 10 by
default unless specified. All results are averaged over 5 runs.
Computing Environment: All experiments are conducted on a
server equipped with 2 Intel(R) Xeon(R) Silver 4210R CPUs, each of
which has 10 cores (each supporting 2 hyper-threads), and 256 GB
DRAM as the main memory. The OS version is CentOS 7.9.2009. All
codes were written by C++ and compiled by g++ 11.3. The SIMD
instructions are enabled to accelerate the distance computations.
Compared Algorithms: We mainly consider comparing the con-
struction processes of two representative PG-based methods, i.e.,
NSG and HNSW, with our newly proposed framework. We refer to
the original construction methods of NSG and HNSW as OriNSG
and OriHNSW respectively. Additionally, we introduce our frame-
work to enhance the construction of NSG and HNSW, denoted
as FastNSG (Algorithm 6) and FastHNSW (Algorithm 7) respec-
tively. We further compare our construction framework with three
recently developed PG construction algorithms: DiskANN [50],
LSH-APG [63], RNN-Descent [45] and ParlayANN [40]. In order to
assess the generality of our framework, we conduct performance
comparisons on 𝜏-MNG [48] and NSW [38], both with (denoted as
Fast 𝜏-MNG and FastNSW) and without (denoted as Ori 𝜏-MNG
and OriNSW) the utilization of our proposed framework.

0.9 0.92 0.94 0.96 0.98 1
Recall@10

0
2
4
6
8

10

QP
S 

(×
10

3 )

I=0
I=1
I=2
I=3
I=4

(a) QPS v.s. Recall

0 1 2 3 4
Iteration I

0

50

100

150

Bu
ild

in
g 

Ti
m

e 
(s

)

(b) Building time

Figure 8: Effects of number of iterations on SIFT1M (Exp.1-a)
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Figure 9: Effects of value of 𝛼 (Exp.1-b)

The index construction comparisons use all threads on the server,
while the searches are compared using one single thread.
Exp.1: effects of the parameters. In the first experiment, we
study the effects of the two newly proposed parameters in our
approach: the number 𝐼 of iterations and the value of angle 𝛼 .

Exp.1-a: effects of 𝐼 . In Algorithm 6, we iteratively conduct K2P
and P2K before its termination. We use FastNSG as an example
and show the result in Figure 8(a). We can see that more iterations
improve the search performance but encounter marginal effects
after the first two iterations. Hence, the result shows 𝐼 affects the
search performance of the finally derived proximity graph. Since
the building time increases as 𝐼 grows significantly as shown in
Figure 8(b), we set 𝐼 as 2 by default in later experiments.

Exp.1-b: effects of 𝛼 . In this part, we study the effects of 𝛼 on the
𝑘-CNA quality (measured by 𝑟𝑒𝑐𝑎𝑙𝑙) and efficiency (measured by
QPS). The results are shown in Figure 9. Notably, when 𝛼 = 60◦, 𝛼-
pruning equals to the RNG pruning. We can see that as 𝛼 increases
slightly, 𝛼-pruning enhances both the quality and efficiency of 𝑘-
CNA compared with the RNG pruning. However, once 𝛼 exceeds a
specific value (e.g., 67◦ on Glove), the efficiency of 𝑘-CNA degrades,
due to more out-neighbors left by 𝛼-pruning. Hence, 𝛼 should be
carefully tuned. In the following, we optimize 𝛼 for each data via
grid search, which starts from 60◦.
Exp.2 & 3: main experimental results in search performance
& building time. In this part, we show the main results of this
work by comparing our methods with the original algorithms in
both search performance and building time. We carefully choose
the construction parameters for each method. For OriNsg, we adopt
the construction parameters provided by the authors in [17] for
Sift1M and Gist1M datasets. As for the Msong, Glove and Crawl
datasets, we utilize the parameters provided by the recent survey
[58], which are determined using a grid search within the parameter
space. We set the parameters of Deep1M as in [50]. For OriHNSW,
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Figure 10: Comparisons in search performance on NSG and HNSW (Exp.2)
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Figure 11: Comparisons in search performance between existing approaches and ours (Exp.4)
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Figure 12: Comparisons in construction cost (Exp. 3 & Exp. 4)

we set the value of𝑀 to be the same as in [58], and the value of 𝑒 𝑓
is determined through a grid search within the parameter space.

The comparison of search performance and building time are
presented in Figures 10 and 12, respectively. First, FastNSG exhibits
comparable search performance to OriNSG in Figure 10, while
significantly reducing construction costs as shown in Figure 12.
Specifically, FastNSG achieves speedups of 1.2x, 2.1x, 5.6x, 3.2x,
2.3x and 1.2x over OriNSG on the Sift1M, Gist1M, Msong, Crawl,
Glove and Deep1M datasets when we set 𝑘 = 10, respectively. Sec-
ond, FastHNSW shows significantly improved search performance
compared to OriHNSW, primarily due to obtaining more accurate
𝑘-CNA results. Note that FastHNSW finds candidates for each point
on the entire dataset in each layer, while OriHNSW only on a subset
(the existing nodes in the graph during insertions). Compared with
OriHNSW, FastHNSW accelerates construction by 2.4x, 4.6x, 3.0x,
3.7x, 1.6x and 2.1x speedups on the six datasets when 𝑘 = 10.

Note that various approaches exhibit similar performance levels
at high recall. This similarity arises from the fact that the search on

proximity graph has two phases [61], and the diverse structures of
different proximity graphs mainly affect performance on the first
phase due to variations of short-distance neighbors, while having
slight impacts during the second phase, i.e., when recall is high.
Exp.4: comparisons between existing approaches with ours.
In this part, we compare our methods FastNSG and FastHNSWwith
other four recently proposed SOTA PG methods which focus on
the index construction, i.e., DiskANN [50], LSH-APG [63], RNN-
Descent [45] and ParlayANN [40]. We show the comparisons of
search performance in Figure 11 and that of building cost in Figure
12. Overall, the results show that our methods achieve much less
construction cost while obtaining better search performance.
Exp.5: extension of our framework on other SOTA PG ap-
proaches. In this part, we apply our framework to other two SOTA
PG methods, i.e., 𝜏-MNG (another SOTA RNG method) and NSW
(another SOTA NSWGmethod). As shown in Figure 13, our method
Fast𝜏-MNG achieves comparable or even better search performance
compared with Ori𝜏-MNG, while FastNSW significantly achieves
better search performance than OriNSW. Moreover, as in Figure
14, Fast𝜏-MNG achieves construction speedups of 1.2x, 16.4x, 5.7x,
3.3x, 2.3x, 3.1x and 2.1x over Ori𝜏-MNG on the six datasets respec-
tively, while FastNSW obtains speedups of 4.6x, 3,1x, 3,6x, 1,6x, 2,1x
and 2.1x respectively. Overall, our framework could be successfully
applied to other SOTA PG methods, with superior construction
efficiency and comparable search performance.
Exp.6: effects of P2K and K2P techniques. Here, we delve into
the effects of our P2K and K2P techniques for FastNSG. These
techniques aim to reduce the redundant distance calculations of
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Figure 13: Comparisons of other SOTA PGs (Exp.5)
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Figure 17: Scalability study of
search on Sift50M (Exp.7)

P2K in consecutive iterations (referred to asOpt1) and to reduce the
redundant distance and angle computations of K2P in consecutive
iterations (referred to asOpt2). These two strategies do not alter the
final graph index, hence, we solely focus on the construction cost.
We evaluate four approaches: FN0, which lacks any optimization;
FN1, integrating solely Opt1; FN2, integrating solely Opt2; and
FN, utilizing both two optimizations. The results are illustrated in
Figure 15, where the time cost of each method is represented as
the speedup over FN0. Overall, each optimization greatly speeds
up FastNSG. These optimizations are independent of each other,
with FN exhibiting the lowest construction cost. Besides, FN shows
increasingly significant speedups as data dimensions increase, as
both optimizations efficiently reduce the repeated computations.
Exp.7: scalability of our proposed methods. In this part, we
assess the scalability of our methods on both index building and
search performance using large data from Sift50M. As depicted in
Figures 16 and 17, our Fast* approaches consistently accelerate over
the original Ori* methods as dataset sizes grow without compro-
mising the search performance. Notably, the speedup in FastNSG
further amplifies with expanding dataset sizes, underscoring the
exceptional scalability of our approach. This demonstrates our RNG
construction framework scales well as the data size rises. We put
the search performance across four additional scales of the Sift50M
datasets in the full version of our paper [59].

7 RELATEDWORKS
There have been a bulk of works on processing 𝑘-ANN queries
on high-dimensional data in the literature. To answer a 𝑘-ANN
query, index structures are widely used to carefully select a small

part of high-quality candidates and then verify them via distance
computations, in order to return accurate results with little cost.
According to recent experimental studies [5, 32, 33, 58], proxim-
ity graphs [16, 17, 39] outperform other index structures such as
hashing-based methods [14, 36, 37, 51], inverted index-based meth-
ods [7, 29] and tree-based methods [9, 42] in search performance.
Due to their excellent search performance, the SOTA PG methods
such as NSG [17] and HNSW [39] have been taken as the solution
by industrial vector databases such as Milvus [55] and VBase [61].

Moreover, several works that combine the parallel power of
GPU and the filtering capacity of PG methods have been pro-
posed [21, 35, 46, 60, 62]. SONG [62] modifies the search method of
existing methods such as HNSW in order to achieve higher through-
put. Other GPU-accelerated methods such as GGNN [21], GANNS
[60] and CAGRA [46] build their own graph index and have the
corresponding search method. In addition, there exist I/O-efficient
PG-based approaches, such as DiskANN [50] and Starling [57]. Be-
sides, some work expands 𝑘-ANN search to various scenarios, such
as hybrid search [19, 61, 64], out-of-distribution queries [27], and
search on billion-scale datasets [13, 28, 43].

8 CONCLUSION
In this paper, we study the efficient construction of the PG-based
approaches for 𝑘-ANN search. We first analyze the importance
of 𝑘-CNA quality for PG index and identify their issues on index
construction by revisiting existing PG construction approaches. To
address these issues, we propose a novel construction framework
for RNG with 𝛼-pruning strategy and a self-iterative framework.
We then combine the layer-by-layer insertion strategy with our
RNG construction framework to address the construction issue of
HNSW (i.e., the representative NSWG). Extensive experiments are
conducted on real-world datasets to show the superiority of our
methods. The results show our approaches exhibit a construction
speedup to 5.6x faster than the original methods of RNG and NSWG
while delivering comparable or even superior search performance.
For future work, it is a promising direction to integrate a more
efficient KNNG construction method into our initialization phase
for further enhancing construction efficiency.
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