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Searching for the k nearest neighbors (kNN) among a given object set is a fundamental problem in road
networks. In many real-world applications, such as location-based services, the object set is dynamic, with
frequent insertions and deletions. In such workloads, throughput reflects the overall efficiency of an algorithm
in handling both frequent queries and updates. The state-of-the-art solutions often suffer from slow query
performance or inefficient index maintenance, which can result in low or even zero throughput. We propose
a local subgraph-based indexing framework designed to support high-throughput query processing under
frequent object updates. Unlike global indexing methods, our framework confines each update to a limited
number of related local subgraphs, significantly reducing index maintenance overhead. To optimize throughput,
we also introduce an efficient query processing strategy that incrementally explores only the necessary
boundary vertices in relevant parts of our index, thereby pruning unnecessary computations. We formally
prove that kNN results computed using only local subgraph information remain globally correct. Extensive
experiments are conducted on 13 large real-world road networks to demonstrate the effectiveness and efficiency
of our proposed solution.
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1 Introduction

kNN search in road networks is a fundamental operation in many location-based services [24, 33,
36, 41]. Given a road network G = (V, E), a set M of candidate objects, and a query vertex g € V,
the goal of kNN search is to identify the top-k objects in M closest to g based on shortest path
distances. In a road network, vertices typically represent intersections and edges represent road
segments, with edge weights modeling travel distance or time. Each object may represent a vehicle
in a ride-hailing platform or an in-game entity in a location-based game, while a query vertex
represents the user’s or player’s current location.
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Fig. 1. A road network with objects on the gray vertices

ExampLE 1.1. Consider the road network in Fig. 1 with object set M = {vy, v4, v6, V7, V9, V13, V14 }. For
a query with k =3 and q = vo, the top-3 nearest neighbors of q in M are {vo, vy, v7}.

kNN search plays a central role in many real-world services. For example, in ride-hailing services
such as DiDi [4], Lyft [7], and Uber [12], a basic operation is to efficiently identify a set of nearby
available vehicles based on the pick-up location provided by a user. On accommodation booking
platforms like Booking [2], Airbnb [1] and Trip [11], the system needs to present several available
accommodations closest to the location specified by a user. In restaurant review services, such as
Yelp [14], Dianping [3] and OpenRice [10], the providers are required to display a set of nearby
restaurants relevant to the user’s location. In location-based games such as Pokémon GO, objects
represent in-game entities like Pokémons. The game server needs to find the Pokémons that are closest
to a player. In modern delivery platforms such as Meituan [8], Uber Eats [13], and DoorDash [5],
kNN search serves as a fundamental operation for identifying the nearest available riders to a given
order location.

Two key system-level challenges arise in these applications.
(i) Dynamic Object Set: The object set M is frequently updated due to the mobility and availability
of objects. For example, in ride-hailing platforms, vehicles continuously enter and exit the system
as they become available or complete rides. In location-based games such as Pokémon Go, in-game
entities like Pokémons appear and disappear dynamically across the map, leading to frequent
updates. Similarly, in electric vehicle (EV) charging networks, charging stations may temporarily
join or leave the available pool due to maintenance schedules, usage patterns, or availability. These
scenarios result in a substantial update load, especially in large-scale deployments. For instance,
DiDi has around 4 million active drivers [33], and each vehicle typically reports its location every
3 to 5 seconds [24]. Meituan hosts roughly 3.36 million monthly active riders [8, 9], with rider
locations updated approximately every 10-30 seconds [6]. In the U.S., Pokémon Go’s “nearby
tracking” feature involved over 20 million daily players in 2016, each spending around 25 minutes
in the game on average [33]. EV charging networks also exhibit frequent updates: Beijing targets
700,000 charging piles by 2025 [22], while India and the U.S. plan to expand from 75,000 to 375,000
and from 200,000 to over 500,000 by 2030 [25]. With ultra-fast charging reducing session durations to
about 8 minutes [15, 25], station availability is updated increasingly often. Therefore, it is essential
for the system to efficiently handle dynamic objects and support real-time kNN search.
(ii) High Throughput Requirement: Many existing solutions [36, 37, 41] focus on accelerating
query processing. However, in dynamic environments with frequent updates, evaluating a kNN
processing algorithm based solely on query latency offers only a microscopic perspective of system
performance. Instead, throughput serves as a more macroscopic and comprehensive metric, capturing
the system’s ability to sustain real-time responsiveness under continuous load [24, 33]. Throughput
is typically defined as the average number of queries the system can process per unit time in the
presence of continuous updates [24, 33]. In high-demand applications such as Didi and Pokémon
Go, limited throughput has been shown to cause service degradation [33] or even the removal
of certain features [40], e.g., the “nearby tracking” function was disabled in Pokémon Go in July
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2016 due to server overload [40]. Therefore, achieving high throughput is crucial for maintaining
real-time responsiveness and overall system availability.

In this paper, we study the kNN search problem on road networks under dynamic object updates,
aiming to optimize system throughput. Following [24, 35, 41], updates are defined as inserting or
deleting objects from the object set M C V.

ExampLE 1.2. Continuing Example 1.1, ifv; is removed from the object set M, then the kNN of ¢ = vy
is updated to {vy, v4, v13}. Then, if a new object vy is inserted, then M becomes {v2, v4, Vg, V9, V11, 013, V14 },
and the kNN of q changes to {v, v4, v11}.

Existing Solutions. The kNN search problem can be solved using Dijkstra’s algorithm [20]. Given
a query vertex g and an object set M C V, the algorithm explores the graph by visiting vertices in
non-decreasing order of their distances from g, terminating once k objects have been found. While
object updates can be handled in constant time, query processing may become prohibitively slow
on large road networks, especially when the nearest objects are far away from q. To address this
challenge, numerous studies have proposed index structures aimed at improving query efficiency
while maintaining acceptable update performance. These approaches can be broadly categorized
into three groups: (1) accelerate Dijkstra’s algorithm for kNN search using lightweight indexes,
(2) extend distance labeling techniques for kNN search, and (3) fully materialize kNN answers.
Representative methods in each category include GLAD [24], TEN-index [36], and KNN-index [41],
respectively.

GLAD [24] constructs a grid-based index that partitions the road network into 2* x 2* cells
based on vertex coordinates and maintains, for each cell, a list of the objects it contains. While
GLAD supports dynamic object updates efficiently, it suffers from relatively high query processing
time. TEN-index [36] improves query efficiency by extending the H2H-index [35], a distance
labeling technique, with additional auxiliary information to support kNN search. However, it
incurs higher index maintenance overhead than GLAD, as more auxiliary data must be maintained.
KNN-index [41], in contrast, fully materializes the kNN results for all vertices in a road network,
enabling optimal query performance. However, as reported in [41], its average update efficiency is
lower than that of TEN-Index, and its throughput is inferior in certain scenarios. Please refer to
Section 3 for more details on these methods and other related work.

Present Work. In this paper, we propose a novel framework, CTLD-index, built on the core ideas of
Cut tree and Local shortest distances to achieve a more balanced trade-off between query efficiency
and update efficiency. Notably, our index outperforms TEN-index in both query performance and
update cost. The key idea is as follows. Given a cut tree (e.g., the one constructed in [21]), which
provides a hierarchical representation of vertex cuts in the road network G, we define a partial
vertex ordering, denoted by <, meaning that some pairs of vertices are not comparable under <. For
each vertex v, we define a local subgraph G, as the subgraph of G induced by vertices ranked
lower than or equal to v according to this ordering. For each vertex v, our index stores the shortest
distances computed within Gy, from o to all other vertices in the subgraph; we refer to these as
local shortest distances, in contrast to the global shortest distance computed over the entire
network G. Based on these local distances, we also store the local k nearest neighbors of v, defined
as the k closest objects within G, with respect to local shortest distances. We formally prove that
the k nearest neighbors of any query vertex can be computed efficiently using only our index,
without accessing the underlying road network. To further support efficient index construction and
dynamic updates, we introduce the notion of convex neighbor. By confining index construction and
maintenance to local subgraphs, our framework effectively localizes updates. This design achieves
a favorable balance between low update overhead and high query efficiency, making it well-suited
for a wide range of practical deployment scenarios.
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Contributions. Our main contributions are summarized as follows.

o A local subgraph-based kNN framework. We propose a new indexing paradigm in which each
vertex is associated with a local subgraph, and local kNN results are precomputed and stored
based solely on local distance information within that subgraph. This eliminates the need for
global structures and localizes index construction and maintenance, enabling efficient index
maintenance under dynamic object updates.

o Efficient algorithms. We design an efficient query processing algorithm that incrementally
traverses the index to retrieve accurate kNN results. We also develop efficient index construc-
tion algorithm and maintenance algorithms to handle object insertions and deletions with
low overhead.

e Theoretical analysis. We formally prove that local subgraph-restricted kNN indexing yields
correct results under general conditions. We also analyze the complexity bounds of our
proposed algorithms.

e Extensive experiments. We evaluate our proposed algorithms on 13 large real-world road
networks from different regions and compare them against state-of-the-art methods.

Outline. Section 2 defines the studied problem. Section 3 reviews related work. Section 4 introduces
our index structure and query processing strategy. Section 5 presents the update algorithms for
our proposed index. Section 6 introduces an improved index construction algorithm. Section 7
presents our experimental evaluation, and Section 8 concludes the paper. The source code and
supplementary materials are available at https://github.com/ykon0801/CTLD-release.

2 Preliminaries

We consider a connected, undirected and weighted graph G = (V, E) representing a road network,
where V denotes the set of vertices and E the set of edges; each vertex carries an integer ID.
We denote the number of vertices and edges in G by n = |V| and m = |E|, respectively. For a
vertex v in G, let nbr(v) = {u € V | (v,u) € E} denote the set of v’s neighbors in G. The degree
of v is defined as deg(v) = |nbr(v)|. The weight of edge (v,u) € E is denoted by ¢(v,u), and
we assume that all weights are positive, i.e., ¢(v,u) € R*. A path P(v,u) in G is a sequence of
vertices represented as P = (v = 01,0s,...,0x = u), where v; € V and (v;,0;41) € E for each
1 <i < x. The length of P is given by ¢(P) = 3! ¢(v;,0i41). For any two vertices v and u in G,
the shortest path between v and u is a path P(v, u) that minimizes ¢(P(v, u)). The distance between
v and u in G, denoted as dist(v, u), is defined as the length of the shortest path between them, i.e.,
dist(v,u) = min{¢(P) | P is a path between v and u}. There is a set of moving objects associated
with G, denoted by M, and also a query point q. For presentation simplicity, we assume that both
the objects and the query point are located on vertices, following previous works [24, 33, 36, 39, 41].
We will extend our techniques to directed graphs and to query points and objects located anywhere
along the edges, and evaluate them in the experiments.

Definition 2.1 (kNN Query). Given a road network G = (V, E), an integer k, a query vertex g,
and a set of candidate objects M with |[M| > k, a kNN query is to find the set of ¢’s k nearest
neighbors in M, i.e., Mi(g) € M such that:

(1) IMi(@)| = k; and
(2) Yo € Mi(q),v" € M\ M(q), dist(q,v) < dist(q,0").

Following previous work [35], we assume that the shortest distance between every pair of
vertices is unique. This assumption ensures that the result of any kNN search is also unique and
thus simplifies our presentation. Nevertheless, our algorithms guarantee that the query result
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Table 1. Frequently used notations

Notation | Description

M (q) top-k nearest neighbor set of ¢

TG cut tree of G

< partial order over V defined by the cut tree Tg
N(v) the tree node in T that contains vertex v

S(v) the set of verticesu s.t. v S u

P(v) the set of vertices u s.t. u 2 v

Gyo the local subgraph of v

M,f (v) v’s local k nearest neighbors in Gy,

Isd(v,u) local shortest distance from v to u computed in Gy,
dist(v,u) | (global) shortest distance between v and u computed in G
cn(v) the convex neighbors of v

Table 2. Parameters for throughput

Notation Description Values
T duration of periods (in seconds) 1, 4, 8, 16, 20, 24, 32
R* response requirement (ms) 0.2, 0.4, 0.8, 1.6, 3.2, 6.4
p= %“ object update rate (per second) 4, 2,1, 0.5, 0.25

M. (q) for any query vertex g remains well-defined and valid even when the assumption does not
hold. Frequently used notations are summarized in Table 1.

In real-world applications, the candidate object set M is typically dynamic, with frequent
insertions and deletions. This work aims to support efficient kNN search under such dynamic
conditions, with a focus on maximizing system throughput, as discussed next.

2.1 Throughput Model

We adopt the throughput model proposed by Luo et al. [33], which, to the best of our knowledge,
is the only available throughput model for kNN search and has been widely used in subsequent
studies [24, 36, 41]. It is important to note that this model does not assess performance under a
specific workload; instead, it estimates the theoretical throughput, i.e., the expected number of
queries that can be processed per unit time. Let #, denote the average query processing time (in
seconds). In a query-only setting, the ideal throughput is therefore ti; hence, a smaller ¢, implies
higher throughput. When dynamic updates are also involved, however, the analysis becomes more
complex. Let t,, denote the average update processing time, and cr; and o2 be the corresponding
variances of t; and t,,. The model computes the overall throughput as a function of #,, ¢, cr;, and 0'5,
along with some other system parameters (summarized in Table 2), under two distinct operational
scenarios.

BUA+QF. In this scenario, time is divided into consecutive periods (or intervals), each lasting T
seconds. This setup is referred to as batch update arrival (BUA). During each period, each object
in M is updated exactly once, resulting in 2 = | M| updates per period. Consequently, the total
time required to process all updates within a period is 11 - t,,. The model also introduces a query
response requirement, denoted as R*, which specifies that the query response time must not exceed
R*. Queries are assumed to arrive according to a Poisson process. The query response time is then
defined as the elapsed time from a query’s arrival to its result delivery, and is equal to the query
delay time plus 4. Under the query-first (QF) policy, queries are given higher priority than updates,
thereby minimizing query delay. Nevertheless, the system must still reserve sufficient time in each
period to process all updates. As a result, only T — 1 - t,, seconds are available for query processing
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T-m-t,
t

. queries per period, and

within a single period. Given this, the system can process at most
the throughput is thus upper bounded by

1-m/T-t,
—_— 1)
tq
Furthermore, if mTt“ : %: < 0.5, the query delay and update overhead are negligible, and the

throughput can be approximated by ti [33].
q

RUA+FCEFS. In this scenario, both queries and updates occur randomly (Random Update Arrival
(RUA)). All operations are processed in the order of their arrival (First-Come-First-Served (FCFS)).
The updates arrive according to a Poisson process with a rate of A, updates per second, which is
typically set proportional to the object count 1, i.e., A, = p - m; thus, p controls the per-object
update rate. As derived and proven in [33], the throughput is upper bounded by

, {Z(R*—tq)(l—/lutu)—Au(0'3+t5) 1—Autu}
min 5

@)

2 2
0gq + 2R*tg — 15 tq

where G; and o2 are the variances of query and update time.

3 Related Work

We categorize the related work into four groups. The first three are directly relevant to the problem
of kNN search under dynamic updates, which is the focus of this paper. The fourth group includes
studies that address related but distinct problems.

Accelerating Dijkstra’s Algorithm for kNN Search Using Lightweight Indexes. As discussed
in the Introduction, Dijkstra’s algorithm [20] can solve the kNN search problem without any
preprocessing or indexing; however, its query processing time is prohibitively high for online
applications. IER [37] improves Dijkstra’s search by leveraging the Euclidean distance between
geographic coordinates (i.e., longitude and latitude) associated with vertices as a pruning bound
to reduce unnecessary vertex exploration. While this offers some efficiency gains, it remains
inadequate for real-time use. To address these limitations, several lightweight indexing techniques
have been proposed to accelerate Dijkstra-based kNN search. ROAD [30] constructs a hierarchical
partitioning of the road network and reduces the search space by skipping entire subgraphs that
do not contain any objects. G-tree [44] and V-tree [39] adopt similar hierarchical structures but
enhance performance by storing auxiliary summaries (e.g., nearest objects at border vertices)
within each partition. GLAD [24], the state of the art in this category, introduces a grid-based
index that partitions the road network into 2* x 2* cells based on vertex coordinates, where x is a
tunable parameter. Additionally, GLAD computes a shortest distance index—specifically the H2H-
index [35]—to efficiently obtain exact distances between vertex pairs. All methods in this category
support dynamic object updates efficiently due to their lightweight index structures. However, their
query processing times are generally slower than those of more heavyweight indexing approaches
discussed below. While GLAD offers the best query performance among lightweight methods,
its reliance on the H2H-index leads to a large index size and substantial preprocessing time. We
include GLAD as a representative of this category in our experiments.

Extending Distance Labeling Techniques for kNN Search. Another line of research extends dis-
tance labeling techniques to support kNN search. TOAIN [33] builds on contraction hierarchies [23]
and stores partial k nearest neighbors for each vertex v by considering only objects with lower
ranks than v. TEN-index [36], on the other hand, extends the H2H-index [35], which is based on
tree decomposition [42]. For each vertex v, TEN-index stores partial k nearest neighbors among the
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objects that are descendants of v in the tree decomposition. During query processing, both methods
leverage these precomputed partial kNNs. However, TOAIN requires a Dijkstra-like search over a
shortcut graph due to the nature of contraction hierarchies, whereas TEN-index avoids such search
by exploiting the hierarchical structure of the tree decomposition. As a result, TEN-index achieves
significantly better query performance than TOAIN and represents a state-of-the-art solution in this
category, offering a strong balance between query performance and update efficiency. We include
TEN-index in our experiments as a representative method from this category. Compared with the
lightweight indexing techniques discussed earlier, methods in this category offer substantially
faster query processing. However, they incur higher index maintenance overhead, as more auxiliary
information must be maintained to support efficient queries.

Full Materialization of kNN Answers. Recently, KNN-index [41] was proposed to fully material-
ize the kNN search results for all vertices in a road network. This design enables optimal query
performance, making it well-suited for workloads with frequent queries. KNN-index introduces an
index structure that supports both efficient initial computation of all kNN results as well as their
maintenance under dynamic object updates. However, despite these optimizations, KNN-index
incurs high update costs due to the full materialization of kNN answers. This limitation is evident in
the experimental results reported in [41], and our own experiments further confirm that KNN-index
struggles to handle frequent updates within acceptable time bounds.

Other Related Work. There are also other relevant studies that tackle different problem settings
and are orthogonal to ours. TD-H2H [32] extends GLAD [24] and H2H-index [35] to support nearest
neighbor search in time-dependent road networks, where edge costs vary over time. Continuous
nearest neighbor (CNN) queries, where the objects remain static but the query vertex itself moves
along the road network, have also been extensively studied [17-19, 26-29, 34, 38, 43]. In addition,
GPU parallelism was exploited to accelerate kNN query processing in [31].

4 Our Approach
1-Auty
Iq

(in RUA+FCFS), where t, and t, denote the average query and update time, and both % and A,
represent the average number of updates per second. Thus, achieving higher throughput requires
minimizing both #; and t,. In practice, however, there is an inherent trade-off between query and
update efficiency: optimizing for faster queries often leads to slower updates [33]. For instance,
if the exact kNN results are precomputed and stored for every vertex (as in KNN-index [41]), the
query time t4 is minimized, but the update time #, increases dramatically, potentially resulting

As shown in Section 2.1, the throughput is upper bounded by % (in BUA+QF) or

in zero throughput when ¢, > t Motivated by this observation, we in this paper propose a
new index structure for dynamic kNN search that achieves efficient updates while supporting
queries more efficiently than all existing approaches except KNN-index. We first introduce the
index structure and its construction algorithm in Section 4.1, and then present index-based query
processing algorithm in Section 4.2; index maintenance techniques will be discussed in Section 5.

4.1 Our CtLD-Index

Our CtLD-index is designed based on the core ideas of Cut tree and Local shortest distances. Cut
tree was originally introduced in [21] for shortest distance indexing and querying, and is defined
via recursively finding vertex cuts.

Definition 4.1 (Vertex Cut). Given a graph G = (V,E), a vertex subset C C V is a vertex cut if
removing them disconnects the graph, i.e., G \ C consists of at least two connected components.
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Isd M)

(1 0,4,2,1,4 Uy

()] 0, l, 5, l, 2, 5 ()]

U3 0, 2, 2, 5, 6 Vg, U7

Uy 0, 4, 2 V4, 09,014

U5 0 Ug, U4, U7

Vg 0,1,1,1,4,5 Vg

U7 0, 4, 2, 4, 1, 2 U7

Ug 0, 3, 6 U2, Vg, U7

Vg O, 1, 3, 1 Vg

010 0,2,3,4 Vg, U7, 02

u11 0,1,3,7,1 0

v12 | 0,3,1,3,3,4,5 0

U13 0,3 013, U7, U2

U14 0, 2, 3, 7, 4 U14

015 0, 4, 8, 2 U14
(b) Two local subgraphs (c) Labels (k = 3)

Fig. 2. Our index constructed for the graph in Fig. 1

It is straightforward that, for any two vertices v and u that are in different connected components
of G\ C, every path between them must have at least one vertex in C. As a result,

dist(v,u) = miél dist(v, ¢) + dist(c, u) 3)
ce
The cut tree constructs a hierarchical representation of vertex cuts.

Definition 4.2 (Cut Tree). Given a graph G = (V,E), a cut tree of G, denoted as Tg, is a rooted
binary tree such that

(1) Each node N € T is a disjoint subset of V.

(2) The nodes of Tg cover all vertices of G, i.e, V = Uyer, N.

(3) Each node N € Tg is a vertex cut of the subgraph g of G induced by all vertices in the subtree
rooted at N. Moreover, vertices in the subtree rooted at N’s left (resp. right) child correspond
to unions of connected components of g \ N.

To avoid ambiguity, we use the term “nodes” to refer to nodes of the cut tree and “vertices” to
refer to vertices of a graph throughout the remainder of the paper. For a vertex v € V, we use N (v)
to denote the cut tree node that contains v.

ExAMPLE 4.1. Consider the graph G shown in Fig. 1. C = {vs, 013} is a vertex cut of G, as removing
these vertices splits G into two disconnected components. Fig. 2a shows the entire cut tree T. Vertices
in node Nj (i.e., {vs,v10}) form a cut of the subgraph of G induced by vertices in the subtree rooted at
Ni (ie., {v1,02, 03,06, 07,08, 010, 012} )-

A cut tree T of G induces a partial vertex ordering of V.

Definition 4.3 (Partial Vertex Ordering). For any two vertices v, u € V, we say that v ranks higher
than u with respect to Ti, denoted as v < u, if one of the following two conditions holds:

(1) v and u are in different tree nodes (i.e., N(v) # N(u)), and N(v) is an ancestor of N (u) in Tg.
(2) N(v) = N(u) and the ID of v is smaller than the ID of u.

Note that in the partial vertex ordering, when v and u are in the same tree node, their ordering
could be arbitrary. For concreteness, we order them based on their IDs.
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Based on the partial vertex ordering <, we define two key sets for each vertex v € V. Specifically,
let S(v) = {v} U {u € V | v < u} be the successor set of v, i.e., the union of v and the set of vertices
that rank lower than o, and P(v) = {0} U {u € V | u < v} be the predecessor set of v, i.e., the union
of v and the set of vertices that rank higher than v. Note that, v € S(v) and v € P(v). We also remark
that although < is a partial vertex ordering, it induces a total ordering for vertices of P(v);
this is because for any two vertices u, u’ € P(v), either N(u) = N(u’) or one of N(u) and N(v’) is
an ancestor of the other. Given a cut tree T, the partial vertex ordering < and the sets S(-) and
P(-) are uniquely defined. We then define local subgraph and local shortest distance based on S(-),
which are crucial to our index.

Definition 4.4 (Local Subgraph and Local Shortest Distance). Given a cut tree T of G and a
vertex v € V, the local subgraph of v, denoted as Gy, is the subgraph of G induced by S(v). The
local shortest distance between v and any vertex u in Gy ,, denoted as Isd(v, u), is defined as their
shortest distance computed in Gy .

ExaMPLE 4.2. Consider the cut tree in Fig. 2a. We have vs < v13 < vg < v19, while vy and vg
are incomparable regarding <. Also, P(vs) = {vs} and S(vs) includes all vertices of the graph G;
Similarly, P(Ug) = {05, 08,013}, S(Ug) = {01,02, 03, Vg, U7, 08,010,012}, and S(Ulo) = S(Ug) \ {08}. The
local subgraphs Gy, and Gy,,, are shown in Fig. 2b, highlighted with dotted and dashed lines,
respectively. The shortest distance between viy and vy in G is 3, while Isd(v19, v2) = 5.

Note that Isd(v,v) = 0 and Isd(-, ) is asymmetric. For any two vertices v and u such that v # u,
at most one of Isd(v, u) and Isd(u, v) is defined; specifically, Isd(v, u) is defined if and only if v < u.
Moreover, when defined, Isd(v, u) exists only within the local subgraph Gy, and not in any other
subgraphs. For example, Isd(v;9,v2) is defined only within Gy, .

Index Structure. Based on the above definitions, for a given road network G = (V, E), an integer
k and a set of candidate objects M, our CTLD-index consists of the following components.
(1) A cut tree Tg of G.
(2) For each vertex v € V, the local shortest distances between v and all vertices of Gy, i.e.,
{(U, u, Isd(v,u)) |u € S(U)}.
(3) For each vertex v € V, the local k nearest neighbors of v computed in Gy ,, denoted as M]f (v).
Note that M]f (v) € M N S(v), and the objects of M N S(v) are compared with each other
based on their local shortest distances to v.

ExampLE 4.3. Consider the graph in Fig. 1 and its cut tree in Fig. 2a. Given that M = {v;, v4, v, v7, V9,
013,014} and k = 3, Fig. 2c summarizes the distance labels (2nd column) and M]f () sets (3rd column)
for each vertex. Note that, for easy access, we store Isd(v, u) at vertex u, instead of v. As a result,
the local shortest distances stored at vertex vg are Isd(vg, vg) = 0, Isd(vq3, v3) = 3 and Isd(vs, vg) = 6;
moreover, we do not need to explicitly store vertices associated with these distances, since they can be
inferred from vg’s predecessors in ranked order, i.e., vs < v13 < vs. Additionally, v records Mf (vg) as
{v2, vs, v7}, With corresponding distances Isd(vs, vy) = 1, Isd(vs, vs) = 1, and Isd(vg, v7) = 4.

Note that the index is built for a predefined k and supports queries for any k’ < k. In real-world
applications such as ride-hailing, kNN queries typically involve a small k relative to |V| (e.g.,
retrieving a few nearby drivers rather than all drivers). Therefore, when constructing the index, k
is usually set to a moderate value [24, 33, 36, 41]. Also, the above description of our CTLD-index
includes only the three core components required for processing kNN queries. To support efficient
updates, our CTLD-index includes an additional component, which will be introduced in Section 5.2.

As le (v) € S(v), the size of our index is bounded as follows.

THEOREM 4.1. The size of our CTLD-index is O(3 ey |S(0)]) = O(X pev [P(0)]).
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Algorithm 1: CtLp-Cons(g, k, M)

Input: A graph g, an integer k and a set of candidate objects M
Output: A cut tree Tj of g, and associated local shortest distances and local k nearest neighbors

1 (L,C,R) « BalancedCut(g);
2 foreach c € C in increasing ID order do

3 Run Dijkstra’s algorithm in g, starting from c, to compute local shortest distances
{(c,0,Isd(c,v)) | v € V(g)} and local k nearest neighbors M (e);
4 Remove c¢ from g;

s if |L| > 2 then Ty[;} < CtLD-Cons(g[L], k, M);

6 else Typ) « L;

7 if |R| > 2 then Ty < CTLD-Cons(g[R], k, M);

s else Ty[g) < R;

9 Create a node for C and set it as the parent of Ty;] and Ty[g) in Ty;
10 return T;

Index Construction Algorithm. Our index construction algorithm is a recursive algorithm, as
shown in Algorithm 1. Each recursion consists of three phases. The first phase identifies a vertex
cut C of the given graph g (Line 1). The second phase computes the local shortest distances between
each ¢ € C and all vertices v € S(c), as well as local k-nearest neighbors le (¢) (Lines 2-4). The
third phase (Lines 5-9) conducts recursion for g[L] and g[R], the subgraphs of g induced by vertex
subsets L and R.

We adopt the techniques of [21] for computing the vertex cut in Line 1. The computed vertex
cut is not an arbitrary one, but is a balanced cut with a balancing parameter f; we use the default
p = 0.2 in our implementation. Let C be a vertex cut of g with L and R being the resulting partitions
that are not adjacent to each other in g \ C; note that, L and R themselves could be disconnected.
(L,C, R) is a balanced cut with respect to § if max{|L|, |R|} < (1 — B)|V(g)|. The general idea of
computing a balanced cut is as follows; please refer to [21] for details. For a connected graph g,
the procedure begins by selecting two vertices vy and vg as far apart as possible, and generating
two initial partitions based on the vertices’ distances to vy and vg, each containing approximately
B - |V (g)| vertices, with the remaining vertices forming the cut region. Next, each initial partition
is contracted into a supernode, and a minimal cut is identified to separate the two supernodes in
the resulting graph. Finally, each connected component in the remaining cut region is assigned
to one of the two initial partitions, aiming to maximize balance; this produces the balanced cut
(L, C,R). For a disconnected graph g, if the largest connected component of g exceeds (1 - )|V (g)|,
a balanced cut is computed within this component following the same procedure as above, and the
remaining connected components of g are then assigned to the two resulting partitions aiming to
maximize balance. Otherwise, BalancedCut assigns connected components of g to two partitions
while maximizing balance, and the separating cut C is empty. Note that an empty cut would not
arise if non-binary cut trees were allowed; however, the resulting index structure remains similar.
In this paper, we maintain a strictly binary tree structure. As shown in [21], the time complexity of
BalancedCut is O(|E(g)| - (log [V (g9)| + |C])).

To compute local shortest distances and local k nearest neighbors in Lines 2-4, we process the
vertices ¢ of C in increasing ID order, and remove ¢ from g once it is processed. As a result, when
processing c, S(c) is always the entire set of vertices in the current graph, and the local shortest
distances and the local k nearest neighbors of ¢ can all be computed at the same time by a single
instance of Dijkstra’s algorithm [20] with ¢ as the source vertex.
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THEOREM 4.2. The time complexity of our index construction (i.e., CTLD-Cons(G, k, M)) isO((m log n+
w(m + nlogn)) logn), where w is the largest number of vertices contained in any node of T.

Remarks. Although we adopt the techniques of [21] for computing the vertex cut in Line 1 of
Algorithm 1, our cut tree is different from and is structurally more efficient than the one constructed
by [21]. This is because the vertex cuts computed in [21] are global shortest distance preserving.
That is, after obtaining the cut (L, C, R) by BalancedCut, they will construct two subgraphs, g;, for
L and gp, for R, such that the shortest distance between any two vertices computed in gy (resp. gr)
is the same as the global distance computed in g. To achieve this, they need to add shortcuts to
g[L] and g[R] to retain the global shortest distances. In contrast, we simply pass g[L] and g[R] to
the subroutines in Algorithm 1. Our design offers two advantages. First, it eliminates the need to
compute and add shortcut edges to preserve global distances in subgraphs, thereby simplifying
the indexing process and improving the construction time. Second, g[L] (resp. g[R]) is typically
sparser than g, (resp. gr), and thus our cut tree is likely to be more compact. We will empirically
evaluate these advantages of our design in Section 7. Despite these simplifications, we will show in
Section 4.2 that local shortest distances and local k nearest neighbors computed based on our cut
tree are sufficient for processing any kNN queries.

Although our index also stores partial k nearest neighbors for each vertex, similar to TOAIN
and TEN-index, it differs from them in several key aspects. First, while TOAIN and TEN-index
compute partial kNNs based on contraction hierarchies and tree decomposition, respectively, our
method is based on a cut tree structure. Secondly, TOAIN and TEN-index rely on global distances
computed over the entire graph G, whereas we compute partial kNNs using local distances within
localized subgraphs. Thanks to this localized computation, our index achieves lower construction
and update time, as well as faster query processing compared to TEN-index, as demonstrated in
our experiments. To the best of our knowledge, we are the first to leverage local distances for kNN
search indexing.

4.2 Index-based Query Processing

In this subsection, we propose an algorithm to efficiently find the k nearest neighbors for any query
vertex ¢, based on our CTLD-index constructed in Section 4.1. Before that, we first prove important
properties of our index in the following lemmas and theorems.

LEMMA 4.1. For any path P in G, there exists a vertex ¢ € P such that P is contained in Gy..
Specifically, let v,u be P’s two end-points. The highest-ranked vertex in P N P(v) N P(u) is such a
vertex c.

The general idea is as follows. Let ¢* be the highest-ranked vertex in P N P(v), which is well-
defined since (1) P N P(v) is non-empty (because v € P N P(v)) and (2) the vertices of P(v) are
totally ordered. One can show that P is entirely contained within G, .. Consequently, c¢* is also the
highest-ranked vertex in P N P(u).

Then, the shortest distance between any two vertices v and u in G can be computed from our
CrtLp-index, as follows.

THEOREM 4.3 (Shortest Distance Computation). For any two vertices v,u € V, their shortest
distance in G can be computed from our CTLD-index as,

dist(v,u) = CEP&ir?P(u) Isd(c,v) + Isd(c, u) (4)

where Isd(c,v) and Isd(c, u) are stored in our index.

Furthermore, the k nearest neighbors for any query vertex q can be computed based on the
theorem below.
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THEOREM 4.4 (kNN Computation). For any query vertex q, its k nearest neighbors are the top-k
objects with the smallest distances in

c= [ J {(olsd(c,0) + Isd(c.q)) | 0 € ME(c)} 5)
ceP(q)

after removing duplicate objects and preferring shorter distances.

Query Processing Algorithm. A naive algorithm for query processing would directly follow
Theorem 4.4, i.e., first obtaining C by Equation (5), and then retrieving the top-k objects from C
using a heap of size k. The time complexity of this naive algorithm is O(|P(q)| - k - log k), since it
always examines all entries of C which is of cardinality |C| = O(|P(q)| - k).

Algorithm 2: CTLp-Query
Input: Our CTLp-index, a query vertex g and an integer k
Output: The set My (q) of k nearest neighbors of g
1 Mi(q) < 0
2 Q « an empty min-priority queue;
3 foreach c € P(q) do
4 if M,f (c) = 0 then continue;
5 0 « the first object in Mf (¢);
6 Push the entry (Isd(c, q) + Isd(c, 0),¢c,0,1) into Q;
7 while |[My(q)| < k and Q # 0 do
8 (d, c,0,idx) < pop the top entry from Q;
9 if 0 ¢ My (q) then My (q) — M (q) U {o};
10 if IM(q)| < k and idx < |MI§ (c)| then
11 L o’ « the (idx + 1)-th object in M,f (¢);
Push the entry (Isd(c, q) + Isd(c,0"), ¢, 0’, idx + 1) into Q;

12

13 return Mg (q);

To reduce unnecessary evaluations, we propose an improved query processing algorithm which
may only need to examine a small number of entries of M]f (c) for each ¢ € P(g). Assuming entries
of /\/[kt (c) are in ascending order regarding Isd(c, -), the general idea is that: if the i-th object of
/V(kt (c) is not in the final result M (gq), then any lower ranked object (i.e., (i + 1)-th, (i + 2)-th, ...,
k-th objects) of Mf (¢) will not be in My (q) and thus do not need to be examined. The pseudocode
of our algorithm is described in Algorithm 2. We use a min-priority queue Q to store the frontier
(i.e., the first object to be considered) of Mf (c) for each ¢ € P(q) (Lines 2-6), where the ranking
key in Q is the distance d. While the k nearest neighbor of g has not been identified and Q is
not empty (Line 7), we pop the top entry from Q (Line 8), which includes an object o and the
corresponding ¢ € P(q) such that o is the idx-th object of /\/(kt (¢). If 0 is not already in My (q), it is
the next nearest neighbor of g (Line 9). We also move the frontier of M]f (c) to the next object, and
push it into Q (Lines 10-12).

ExaMPLE 4.4. Consider the index in Fig. 2, a query vertex q = vy9 and k = 3. We first obtain
P(q) = {vs,vs,v10,013}. After the “for” loop in Lines 3-6, Q contains four entries, one from each
¢ € P(q): (Isd(vs, v10) + Isd(vs, v9),vs, 09, 1) = (1 +4,05,09,1), (2 + 1,05,02, 1), (0 + 1,019,06, 1), and
(3 + 0,013,013, 1). In the first iteration of the “while” loop in Line 7, we pop the top entry (1, v1g, Us, 1)
fromQ. Asvg € Mi(q), we add v as the first nearest neighbor to M. (q). We then push the next object
vy ofo (v10), represented as (0 + 2, v19,v7, 2), into Q. In the second iteration, the entry (2,v19, 07, 2)
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is popped from Q, v7 is added as the second nearest neighbor to M. (q), and (0 + 5, v10, 02, 3) is pushed
into Q.

We remark that Algorithm 2 supports early stopping to avoid unnecessary evaluations. Specifi-
cally, the algorithm terminates as soon as k objects have been inserted into My (q) (Line 7). Since
the objects in Mf (c) for each ¢ € P(q) are accessed sequentially in ascending order of their local
distances (Line 11), the algorithm typically needs to scan only a small prefix of each M If (c). Let
I denote the number of accessed objects of M]f (¢) when the i-th nearest neighbor of q is found.
Then, I{ is bounded above by i, and is often much smaller than i in practice.

THEOREM 4.5. The time complexity of Algorithm 2 for finding the first i nearest neighbors is
O(2cer(q) li - log [P(q)])-

As If < i, the time complexity is also bounded by O(|P(q)| - i - log |P(q)|), which is polynomial
in i. Thus, Algorithm 2 has an incremental polynomial time complexity [16]. We remark that
although ¥ cp(q) If can reach [P(q)| - k and thus the time complexity of Algorithm 2 can reach
O(|P(g)| - k - log |P(q)|) in the worst case, our empirical studies in Section 7 show that Algorithm 2
finds the k nearest neighbors by examining only a small portion of C.

5 Online Index Updating

In this section, we introduce techniques for efficiently updating our CTLD-index when objects are
dynamically inserted or removed; object movements can be simulated as a removal followed by an
insertion. Note that we consider the online updating (in contrast to batch updating) setting in this
paper, i.e., the index is updated after each object insertion or deletion. Since the graph structure and
edge weights remain fixed, both the cut tree and the precomputed local shortest distances remain
unaffected. Consequently, only the local k nearest neighbors, M kt (%), require updating.

We propose algorithms to efficiently update M ]f (+) for object deletion and insertion in Sections 5.3
and 5.4, respectively. We first describe a naive baseline in Section 5.1, and then introduce the concept
of convex neighbor in Section 5.2 which plays a key role in the efficiency of our index updating.

5.1 A Naive Approach

Let o be the updated object, which could be either an insertion or a deletion. Then, only vertices of
P(0) may have their local k nearest neighbors M; () changed, as o ¢ S(v) for any other vertex v.
A straightforward approach is to consider all vertices of P(0), and for each such vertex ¢ € P(o0),
recompute M,f (c) as the top-k objects in the updated M= (c), where M= (c) denotes the set of
objects that are in the local subgraph Gy (i.e., M= (c) = MNS(c)). This recomputation is generally
cheaper than running Line 3 of Algorithm 1, because the local shortest distances from c to all
vertices of S(c) and thus all objects of M= (c) have already been precomputed and stored in our
CtLp-index. As a result, we can simply scan all objects in M= (c) and retain the top-k objects with
respect to their local shortest distances from c. However, it is still inefficient, as the number of
objects in M= (c) can be large.

5.2 Computing /\/(kt (+) via Convex Neighbors

To enable efficient updating Mf (), an intuitive idea is to infer Mf (c) from the local k nearest
neighbors of ¢’s lower-ranked neighbors in G .. This is appealing, as one might expect that the local
nearest neighbors of the nearby vertices could help reconstruct le (c). However, this does not
work in general, because /\/(kt (c) \ {c} is not guaranteed to be a subset of U, . yenbr(c)ac<o /\/(kt (v).
For example, consider the index in Fig. 2 and the local subgraph Gy, in Fig. 2b. vs’s lower-ranked
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neighbors are v, and vg. /\/(kt (v2) = {02}, M]f (vs) = {vg}, while M]f (vs) = {v2,v6, v7}. Thus, using
only neighbors’ M,f (+) sets is insufficient to guarantee correctness.

In this subsection, we introduce the concept of convex neighbor and show that Mf (o) \ {c}
can be obtained from the local k nearest neighbors of ¢’s convex neighbors. This enables us to
efficiently update Mf (). Convex neighbor is defined based on convex path.

Definition 5.1 (Convex Path). A path P(v,u) = (v, x1,...,x;,u) is a convex path if each intermedi-
ate vertex ranks lower than both terminal vertices, i.e., v < x; and u < x; foreach 1 <i < j.

Note that for a path P (v, u) to be a convex path, it must be contained within the local subgraph of
the higher-ranked vertex between v and u. For example, assuming v < u, any convex path between
v and u must be contained in Gy,

Definition 5.2 (Convex Neighbor). Given two vertices v and u such that v < u, u is a convex
neighbor of v if there exists a convex path between them in the local subgraph Gy .

Denote the set of v’s convex neighbors by cn(v). Note that a vertex is not considered a convex
neighbor of itself, i.e, v ¢ cn(v). Our index updating algorithm in Sections 5.3 and also our
improved index construction algorithm in Section 6 are based on the theorem below, which is
adapting Theorem 4.4 to local kNN computation.

THEOREM 5.1 (Local kNN Computation). For any vertex ¢ € V such that ¢ ¢ M, its local k
nearest neighbors are the top-k objects with the smallest distances in

CL= U { (o, Isd(c,v) + Isd(v,0)) | 0 € M (v)} )

vecn(c)

after removing duplicate objects and preferring shorter distances.

Note that, if ¢ € M, then M]f (c) \ {c} is the top-(k — 1) objects with the smallest distances in
Cy. Following Theorem 5.1, we also precompute and store the convex neighbors of all vertices in
V, which constitute the fourth component of our CtLp-index.

EXAMPLE 5.1. Reconsider the example given at the beginning of this subsection. The convex neighbors
of v are cn(vg) = {v1,v2,v3, Vg, 010 }. We have Mf (v8) € Upeen(ay) ME (v) since M]f (v3) = {vs, v7}.

Convex Neighbor Computation. Now, we present an algorithm to compute the convex neighbors.
First, we prove an important property of convex neighbor in the following lemma.

LEMMA 5.1. Letv < u. u is a convex neighbor of v if and only if either u is neighbor of v in Gy, or
there exists another vertex x such that u < x and x is a convex neighbor of both v and u.

Lemma 5.1 implies that the convex neighbor relationships can be inferred incrementally through
intermediate vertices of lower ranks. However, it remains nontrivial to directly utilize this property
for efficiently computing convex neighbors. To achieve that, we introduce the concept of convex
predecessor, the inverse of convex neighbor. Specifically, v is a convex predecessor of u if u is
a convex neighbor of v. Denote the set of convex predecessors of a vertex v by cp(v). Convex
predecessor makes the relationship easier to be utilized, as shown in the corollary below.

COROLLARY 5.1. Letov < u. v is a convex predecessor of u if and only if either u is a neighbor of v in
Gy, or there exists another vertex x such that u < x and both v and u are convex predecessors of x.

Based on this insight, we propose a bottom-up approach (i.e., in reverse order of <) to efficiently
computing convex predecessors and convex neighbors. The pseudocode is shown in Algorithm 3.
For each vertex u € V, we initialize its convex neighbor as empty (Line 2) and set its initial convex

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 42. Publication date: February 2026.



High-Throughput k Nearest Neighbors Search in Road Networks 42:15

Algorithm 3: ConvexNeighbor-Cons

Input: A graph G = (V, E) and its cut tree Tg
Output: Convex neighbors cn(v) for eachv € V

1 foreachu € V do
2 L cn(u) « 0;

3 cp(u) «— {v eV |venbr(u) Av<u};

4 Q « an empty first-in-first-out queue;

5 foreach v € V s.t. |S(v)| = 1 do Push v into Q;

¢ while Q # 0 do

7 X < pop a vertex from Q;

8 foreach v,u € cp(x) s.t. v < u do cp(u) «— cp(u) U {v};
9 foreach v € cp(x) do cn(v) « cn(v) U {x};

10 x" « the immediate predecessor of x according to <;
11 if x” ¢ Q then Push x’ into Q;

predecessors cp(u) to be the neighbors v € nbr(u) satisfying v < u (Line 3). We also initialize a
FIFO queue Q (Line 4) to process vertices in a bottom-up manner. All vertices without lower-ranked
successors (i.e., |S(v)| = 1) are added to Q (Line 5) as starting points. In each iteration, we pop a
vertex x from Q (Line 7) and propagate convex predecessors according to Corollary 5.1 (Line 8).
Since all vertices ranked lower than x have already been processed, we add x as a convex neighbor
to each of its convex predecessors (Line 9). Finally, x’s immediate predecessor under < is enqueued
for further processing (Lines 10-11).

LemMa 5.2. Algorithm 3 correctly computes the convex neighbors for all vertex of V in O( X yey ep(v) %)
total time.

5.3 Handling Object Deletion

When an object o is removed from M, we may need to update {/\/(kt (¢)}cev stored in our index. For
avertexc e V,ifo ¢ ME (¢), it is obvious that ME (c) does not need to be updated. If 0 € ME (c),
then we need to try to replace o in /\/(kt (c) with another object of M= (c) \ M,f (¢). However,
scanning all objects of M= (c) \ M]f (¢) may result in a substantial overhead for index updating.
By leveraging Theorem 5.1, we only need to consider objects in {Mf (v) Yoecn(c). Moreover, by the
same observation as utilized in designing our query processing Algorithm in Section 4.2, for each
v € cn(c), we only need to consider the first object of M]f (v) (as ranked by their distances) that is
not in M ]f (o).

As updating /\/(kt (c) requires {M,f (v) Yoecn(c) to be up-to-date, the deletion update needs to be
applied in a bottom-up manner regarding <. Furthermore, rather than processing all potential
vertices ¢ € P(0) whose local k nearest neighbors may need to be updated, we restrict our attention
to only those satisfying o € M]f (c). To support this, we maintain a doubly linked list that connects
all occurrences of the same object o across different Mf() sets. This allows us to efficiently
process only the affected vertices in a bottom-up manner, significantly reducing unnecessary
computations. Our index updating algorithm for object deletion is presented in Algorithm 4, which
is self-explanatory following the above discussions.

LEMMA 5.3. Given the CTLD-index and a deleted object o, the time complexity of Algorithm 4 is

O(|P(0)| - k - tmax), where fyax denotes the maximum number of convex neighbors among the vertices
of G.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 42. Publication date: February 2026.



42:16 Yu Kong, Lijun Chang, Dong Wen, and Dian Ouyang

Algorithm 4: Object-Deletion

Input: Our CTLD-index and a deleted object o
Output: The updated CTLDp-index

1 foreach vertexc € P(0) s.t.o € M,f (c) in bottom-up order do

2 Remove o from M,f (¢);
3 C 0
4 foreach v € cn(c) do

5 0" « the first object in M; (v) that is not in M,f (¢);
if o’ existsthen C «— CU {0'};
7 if C # 0 then
8 0" « arg minyec Isd(c, x);
Append o’ to the end of M,f (c);

5.4 Handling Object Insertion

Updating our CTLD-index for object insertion is much easier than for object deletion. The main
observations are as follows. When an object o is inserted, only those vertices ¢ € P(0) may update
their M]f (+) sets. Moreover, Mf (c) is updated only if

(1) |/\/(kt (¢)| < k; or
(2) |/\/(kt (¢)| = k and Isd(c, 0) < Isd(c, o), where oy is the object with the largest local shortest
distance in M]f (c).

Following these ideas, our index updating algorithm for object insertion is described in Algorithm 5,
which is self-explanatory.

Algorithm 5: Object-Insertion

Input: Our CtLDp-index and an inserted object o
Output: The updated CTLp-index

1 foreach vertex c € P(o0) in bottom-up order do
if |Mf (¢)] < k then Insert o into M]f (c);
else
o < the k-th object in Mf (¢);
if Isd(c,0) < Isd(c, o) then
L Remove oy from M]f (c) and insert o into M]f (¢);

)

QA G e W

LEMMA 5.4. Given the CTLD-index and an inserted object o, the time complexity of Algorithm 5 is
O(IP(0)] - k).

We may also leverage Theorem 5.1 to stop the updating early. That is, for a vertex c, if none
of the vertices of cn(c) updated their M,f (+) set, then M]f (¢) remains intact. Thus, we can use
a queue to track the vertices whose /\/(kt (-) may change, and only process vertices of the queue;
the queue is initialized with o and updated by using convex predecessors. However, our empirical
studies show that Algorithm 5 performs better than the early stop version, probably due to better
cache efficiency.
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6 Faster Index Construction

With the convex neighbors computed and the property proved in Theorem 5.1, we propose a faster
index construction algorithm than Algorithm 1 in this section, by utilizing the convex neighbors.

We observe that convex neighbors are independent to the candidate object set M and the integer
k. That is, convex neighbors remain the same if we change M or k. As a result, we could set M to
be V and k to be n in Theorem 5.1 to get the following corollary.

COROLLARY 6.1. For any vertex ¢ € V, the local shortest distances {Isd(c,u) | u € S(c)} can be
computed from

U {(u, Isd(c,0) + Isd(v,u)) | u € S(v)} (7)
vecn(c)

by removing duplicate vertices and preferring shorter distances.

Thus, we can compute {Isd(c,u) | u € S(c)} for vertices ¢ € V in a bottom up manner regarding
<. Then, when computing {Isd(c,u) | u € S(c)} by Equation (7), the distance Isd(v, u) is already
known. However, Isd(c, v) used in Equation (7) cannot be computed in this way. Fortunately, we
can compute such Isd(c, v) during the process of obtaining convex neighbors by following the proof
of Lemma 5.1.

Algorithm 6: Index-Cons™*

Input: A graph G = (V, E), an integer k and candidate objects M
Output: A cut tree T of G, convex neighbors, and associated local shortest distances and local k
nearest neighbors

-

Run Algorithm 1 (without Lines 2-4) to build the cut tree Tg;

2 foreach v € V andu € S(v) do Isd(v,u) « oo;

3 foreach v € V do Isd(v,0) < 0;

4 Run Lines 1-3 of Algorithm 3;

5 foreach u € V andv € cp(u) do Isd(v,u) «— ¢(v,u);

6 Run Lines 4-11 of Algorithm 3, and at Line 8 of Algorithm 3 also execute
Isd(v,u) « min{lsd(v, u), Isd(v, x) + Isd(u, x)};

7 foreach ¢ € V in bottom up manner regarding < do

8 foreach v € cn(c) andu € S(v) do

9 L Isd(c,u) « min{lsd(c, u), Isd(c,v) + Isd(v,u)}

10 Compute M,f (c) by using a similar algorithm as Algorithm 2 but leveraging Theorem 5.1;

The pseudocode of our faster index construction algorithm is shown in Algorithm 6. Line 1
constructs the cut tree T by invoking Algorithm 1 but without running Dijkstra’s algorithm.
Lines 2-3 initialize the local shortest distances. Lines 4-6 compute the convex neighbors for each
vertex v € V, and at the same time {Isd(c,v)}cev veen(c). Note that, such Isd(c,v) computed after
Line 6 may be not the local shortest distance between ¢ and v in Gy ; it is actually the length of
the local shortest convex path between c and v in Gy, and a local shortest path may be not convex.
Nevertheless, by examining the proof of Theorem 5.1, we can see that it is sufficient to use such
distances in Equation (7). Moreover, we remark that if none of the local shortest paths betweens ¢
and v is convex, then the correct local shortest distance between c and v will be computed at Line 9 by
following the proof of Theorem 5.1. Lines 8-9 compute local shortest distances {Isd(c,u) | u € S(c)}
by following the above discussions, while Line 10 computes M ]f (¢) by using a similar algorithm as
Algorithm 2 but leveraging Theorem 5.1.
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Table 3. Dataset statistics

Dataset Region n m Type

NY New York City 264,346 733,846 Undirected
BAY San Francisco 321,270 800,172 Undirected
COL Colorado 435,666 1,057,066 | Undirected
FLA Florida 1,070,376 2,712,798 | Undirected
CAL California 1,890,815 4,657,742 | Undirected
LKS Great Lakes 2,758,119 6,885,658 | Undirected
E-US Eastern USA 3,598,623 8,778,114 | Undirected
W-US Western USA 6,262,104 | 15,248,146 | Undirected
CTR Central USA 14,081,816 | 34,292,496 | Undirected
USA United States 23,947,347 | 58,333,344 | Undirected

SJC San Joaquin County 18,263 23,874 Directed

SF San Francisco 174,956 223,001 Directed

NA North America 175,813 179,179 Directed

THEOREM 6.1. The time complexity of Algorithm 6 is O(m logn - (logn +w) + Yyey (lep(v)] -
(Iep(@)] + [S()]) + |en(v)] - k - 1Oglcn(v)l))-

7 Experiments

We conduct extensive experiments to evaluate our proposed methods against the state-of-the-art
methods in this section.

Datasets. We evaluate the approaches on 13 real-world road networks, including 10 undirected
and 3 directed graphs. Table 3 summarizes the details about these datasets. The first 10 datasets are
available from DIMACS!, and others are sourced from SpatialDataset?. Most of our experiments
focus on the 10 undirected graphs, while the 3 directed graphs are used in Exp-13 and 14. In each
road network, vertices represent intersections between roads, and edges correspond to roads or
road segments. Each edge has an associated weight, representing the distance between endpoints.
DIMACS also provides the vertex coordinates required by GLAD.

Environment. All algorithms are implemented in C++ and compiled with g++13.3.0 using the
-03 flag. Experiments on the CTR and USA datasets are conducted on a Linux machine with dual
Intel(R) Xeon(R) Gold 6342 2.8GHz CPUs and 200GB of RAM, while the remaining experiments are
performed on a Linux machine with an Intel(R) Xeon(R) W5-2445 CPU and 64GB of RAM.
Baseline Methods. We compare our algorithms with three state-of-the-art solutions GLAD [24],
TEN (TEN-index) [36] and KNN (KNN-index) [41] that were discussed in Section 3. Their code
was kindly provided by their authors. For GLAD, we use the default grid size of 100m X 100m, as
suggested in [24].

Parameter Settings. Following prior work [24, 36, 41], we randomly generate candidate objects in
each dataset with a specified density 6 = | M|/|V|. The candidate density 6 and the query parameter
k used in our experiments are shown in Table 4, where the default values are highlighted in bold.
The choices of k is aligned with prior work on kNN queries over road networks [24, 33, 36].

7.1 Experimental Results

Exp-1: Query Processing Time by Varying k. In this experiment, we evaluate our CTLD-Query

!http://www.dis.uniromal.it/challenge9/download.shtml
Zhttps://users.cs.utah.edu/~lifeifei/SpatialDataset.htm
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Table 4. Parameter settings

Parameters Description Values
k number of nearest neighbors 10, 20, 30, 40
g
0 object density i.e., [M|/|V| | 0.1,0.01,0.001, 0.0001
—e— CTLD-Query —=— TEN KNN —— GLAD  —%— CTLD-Query”
2 10: 2z |0: z 1014 M 2z 10: 2 |0: — —
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Fig. 3. Query processing time by varying k (6 = 1073).
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Fig. 4. Query processing time by varying 6 (k = 20).

(presented in Algorithm 2) against state-of-the-art solutions TEN, KNN, and GLAD, by varying k.
We also include a comparison with a naive query processing baseline (denoted as CTLD-Query")
for our index, which was described at the beginning of Section 4.2. For each dataset, we randomly
generate 10, 000 query vertices and report the average processing time of each algorithm. As shown
in Fig. 3, CTLD-Query is only slower than KNN that full materializes the kNN results for every
vertex, enabling optimal query latency. However, KNN suffers from high update costs (as shown in
our subsequent experiments), performing up to 100x slower than our approach. Across all datasets,
CtLDp-Query consistently outperforms TEN by up to 10X, and achieves up to 10X speedup over
GLAD on small networks and 100X on larger datasets. On small networks such as NY and BAY,
GLAD and TEN perform comparably. As the graph size increases, TEN scales better and eventually
outperforms GLAD by up to 10x. CTLD-Query" achieves lower query latency than TEN in some
cases (e.g., BAY), and outperforms GLAD in most cases. This highlights the benefit of our cut
tree-based index and clearly shows that storing local distances has no negative impact on query
processing time. GLAD is omitted from this and also following experiments for the USA dataset
due to its index construction exceeds memory limit.

Exp-2: Query Processing Time by Varying 6. In this experiment, we compare the algorithms’
query processing time by varying the density 0 = |M|/|V| with 6 € {1071,1072,1073,107*}. For
each dataset, we generate four groups of objects based on the specified densities and also randomly
generate 10,000 queries. The average query processing time of each method is reported in Fig. 4.
The generally trend is similar to that of Fig. 3. In addition, the query processing time of TEN and
GLAD increases significantly as the candidate density 0 decreases, while our method remains much
faster and more stable. As density decreases, our naive query approach becomes faster due to fewer
candidate objects to examine, and even outperforms TEN. This contrasts with the other algorithms,
since the sparser candidate distribution forces them to explore larger portions of the search space
to identify the nearest neighbors.

Exp-3: Tail Latency of Query Time. To analyze the efficiency of our query algorithm in more
detail, we record the latency of the 10,000 queries and visualize their distribution in Fig. 5. We fit
the measured latencies to a lognormal distribution, shown as the red curve. The results show that
the latency distribution can be well approximated by a lognormal shape, suggesting that query
latencies of Algorithm 2 are concentrated around the mean with low tail latency. We also report
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Table 5. Average deletion time (ms) on the two largest datasets

Dataset | TEN | KNN | CtLp-Delete | CtLp-Delete"
CTR 56.08 | 30.73 0.34 64106.51
USA 65.48 | 36.62 0.47 115349.20

the percentile values and the average query time (green dashed line), where P95 (yellow dashed
line) and P99 (purple dashed line) represent the latency thresholds below which 95% and 99% of
all query times fall, respectively. The P99 latency is about twice the average, as expected, because
a few worst-case queries require exploring larger search spaces. Overall, the query latencies are
stable, exhibiting only limited tail effects.

Exp-4: Object Insertion. In this experiment, we evaluate the performance of our insertion algo-
rithm (CtLD-Insert, Algorithm 5) against KNN, TEN and GLAD. We also include a naive baseline,
denoted as CtLp-Insert", which is discussed in Section 5.1. To generate insertions, we randomly
select a vertex u and insert it into the object set if u ¢ M. This process is repeated until 10, 000
insertions are generated for each dataset. The average insertion time is reported in Fig. 6. GLAD
achieves the fastest insertion time by simply adding new objects to the candidate list of the corre-
sponding grid, though this simplicity comes at the cost of query efficiency. CTLD-Insert" incurs
the highest insertion overhead, as it recomputes M]f () for each vertex in P(0) given an inserted
object 0. KNN is more than 100X slower than CTtLD-Insert, as it needs to update the materialized
kNN results for many vertices to maintain query correctness after each insertion. Our method,
CtLp-Insert, achieves up to 10X faster insertion performance compared to TEN.

Exp-5: Object Deletion. In this experiment, we evaluate the performance of Algorithm 4 (denoted
as CtLp-Delete). We also include the naive deletion approach, discussed in Section 5.1, represented
as CtLp-Delete’. We generate 10,000 random deletions for objects of M for CTR and USA and
report the average deletion time. We only include the two largest graphs, because other smaller
graphs do not have enough objects for 10,000 deletions under the 8 = 1072 setting. As shown in
Table 5, our deletion algorithm achieves the best performance, outperforming KNN by more than
70x and TEN by more than 130X. For TEN on the USA dataset, deletion takes 65.48 ms compared to
just 0.67 ms for insertion; a similar trend is observed on CTR. This imbalance indicates that when
deletions dominate, the update time of TEN increases significantly, whereas fewer deletions lead to
a lower overall update cost.

Exp-6: Object Update. We evaluate the performance of the update algorithms with mixed-updates
(i.e., including both insertion and deletion) in this experiment. CTLD-Update combines CTLD-Delete
and CTLp-Insert, while CTLp-Update" relies on CTLD-Delete¥ and CTLp-Insert’. To generate
updates, we randomly select a vertex u and apply an insertion or deletion, skipping deletions
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if u ¢ M and insertions if u € M. For each dataset, we repeat this process to generate 10,000
updates. The average time per update operation is reported in Fig. 7. CTLp-Update is only slower
than GLAD. In contrast, CTLp-Update” exhibits the highest cost, as it recomputes M]f (+) given a
large update space. Update performance also depends on the ratio of insertions and deletions. In
the insertion-only experiment, TEN achieves 0.41 ms on CTR and 0.67 ms on USA, compared to
8.19 ms and 8.69 ms for KNN. However, TEN incurs higher deletion costs than KNN. In the mixed-
update experiment, where insertions and deletions are randomly generated, TEN still outperforms
KNN, achieving roughly 1.5% higher update performance. CTLD-Insert achieves insertion costs of
0.049 ms on CTR and 0.055 ms on USA, approximately 10x faster than TEN and 100X faster than
KNN. Similarly, our deletion performance is approximately 100X faster than TEN and KNN. These
results demonstrate that our update performance consistently outperforms TEN by about 10X and
KNN by about 100, regardless of the insertion-deletion ratio.

Exp-7: Batch Updating vs. Reconstruction. Although our primary focus is on the online updating
setting, we also evaluate the efficiency of our algorithms in the batch updating setting and compare
their performance with that of reconstructing the index from scratch. For batch updating, we
consecutively invoke our insertion algorithm for each object insertion and our deletion algorithm
for each object deletion. We generate batches of varying sizes, with each batch containing an equal
number of insertions and deletions to maintain a constant number of object. The results are shown
in Fig. 8, where the rebuild time refers to the time required to recompute Mf (+) at the end of each
batch. Note that all other components of our index remain unchanged during updates. The x-axis
represents the batch size, where each point x corresponds to a batch containing x - M| = x - 1073n
updates. As shown in Fig. 8, the threshold at which the batch updating time surpasses the rebuild
time remains approximately 8x-14x larger than the candidate set size on small graphs and still
4x-8X% larger on large graphs. These results demonstrate that our update algorithms scale gracefully
and maintain high efficiency even under extensive updates.

Exp-8: Adaptability. Following [33, 36, 41], we evaluate the adaptability of the algorithms’ query
throughput under a wide range of update workloads, from low to high. Figures 9 and 10 report
the throughput as defined by Equation (1) and Equation (2), respectively, under the BUA+QF and
RUA+FCEFS scenarios on the LKS dataset. Algorithms with zero throughput are omitted from the
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figures. Meaning of the parameters R*, T and p and their default values can be found in Table 2. The
results show that CTLD consistently achieves high throughput across all scenarios, demonstrating
superior adaptability and a balanced trade-off between query and update costs. Notably, CTLD
sustains high throughput even under heavy workloads, e.g., when p = 4 (corresponding to 11,032
updates per second). GLAD remains applicable in many settings but fails under RUA-FCFS when
R* decreases, k increases, or ¢ drops, as its query time t, exceeds R*. For example, the query time
of GLAD at k = 20 increases to around 0.9 ms, exceeding R* = 0.8 ms. Nevertheless, GLAD is still
suited for scenarios with less stringent query latency requirements. We also observe that KNN and
TEN achieve non-zero throughput only under extremely low update workloads (e.g., BUA-QF with
T = 24 and update rate ~ 115 updates/s). KNN stores exact results for each vertex, which allows
it to outperform CTLD under BUA-QF when T > 24. However, their throughput degrades rapidly
as update load grows. For example, with § = 1073, k = 20, and about 2,758 objects on LKS, KNN
requires 6.93 ms per update. At an update rate of p = 0.25 per object per second (689.5 updates/s),
updates would take 478% of the available time budget per second, resulting in zero throughput.
In summary, CTLD achieves the most favorable balance between query efficiency and update
scalability, making it highly adaptable to dynamic workloads. In contrast, TEN and KNN are
suitable only for light update workloads, while GLAD is more suited to scenarios with relaxed
query response requirements.
Exp-9: Indexing Time and Index Size. We report indexing time and index size in Fig. 11; GLAD
runs out of memory on USA. CTLD-Cons corresponds to the execution time of Algorithm 1 and
Algorithm 3, while CTLD-Cons* corresponds to that of Algorithm 6. GLAD and TEN exhibit similar
indexing time and index size, as both rely on the H2H-index, but the additional per-grid information
in GLAD makes its index slightly larger than that of TEN. KNN achieves the fastest indexing time,
since it does not compute the large number of local distances as required by our index. On small
datasets, CTLD-Cons is 1.5x slower than CTLD-Cons™, and up to 3.5x slower on large datasets,
due to its use of Dijkstra’s search from each vertex v within G, , to compute distances.

Exp-10: Different Components of Our Index Construction Algorithm. Table 6 breaks down
the running time of CTLD-Cons* by components, with proportion of total time shown in paren-
theses. This confirms that the relative proportions of the three components remain stable even
as the dataset size increases. Across all datasets, building T (Line 1 of Algorithm 6) consistently
dominates the indexing time, accounting for approximately 70 — 76% of the total. The computation
of convex neighbors and local distances (Lines 2-9 of Algorithm 6) contributes around 20 — 24%,
while that of M kt (+) (Lines 7 and 10) incurs the smallest cost, generally below 5%.

Exp-11: Cut Trees With and Without Shortcuts. As remarked at the end of Section 4.1, our cut
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Table 6. Running time (s) of index construction components, with percentage of total time in parentheses.

Build Tg (s) Calc. Isd, cn Calc. Mf Total
NY | 1.81(70.1%) | 0.65(25.2%) | 0.12 (4.7%) | 2.58
COL | 2.82(75.0%) | 0.75(19.9%) | 0.19 (5.1%) | 3.76
CAL | 18.06 (74.6%) | 5.14 (21.2%) | 1.01 (4.2%) | 24.21
E-US | 44.56 (75.7%) | 12.21 (20.8%) | 2.07 (3.5%) | 58.84
USA | 634.16 (73.9%) | 203.69 (23.7%) | 20.64 (2.4%) | 858.49
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Fig. 12. Comparison of Tg and its variant T} with shortcuts

Table 7. Indexing time (s), index size (GB) and average update time (ms) when varying k

CTR USA
k Build | Size | Update | Build | Size | Update
20 474.15 | 25.167 0.07 858.36 | 47.826 0.12
200 477.64 | 25.172 0.70 860.72 | 47.834 1.22
2,000 | 483.96 | 25.181 28.36 867.86 | 47.850 54.23
20,000 | 490.94 | 25.188 | 1518.82 | 887.60 | 47.867 | 1215.36
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Fig. 13. Performance of CTLD on directed road networks.
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tree differs from that proposed by [21], which introduces shortcuts — within the two subgraphs
formed after removing a vertex cut — to preserve global shortest distances within those subgraphs.
In this experiment, we compare our index with a variant that incorporates such shortcuts following
the method of [21], denoted as T3. Fig. 12 presents the indexing time and index size of both
approaches across all datasets. Here, note that T and T refer to the complete indices built from
their respective cut trees, rather than the cut trees alone. We observe that the index size of Tg is
consistently smaller than that of T(s; across all datasets, indicating that the inclusion of shortcuts
substantially increases the successor sets S(v) for vertices v € V. Furthermore, the results show that
constructing T can be up to an order of magnitude faster than constructing T. This demonstrates
the efficiency of our shortcut-free construction and further validates our design choice.

Exp-12: Effect of k on Index Performance. As discussed in Section 4.1, our index is built for a

predefined k and supports queries for any k’ < k. In this experiment, we evaluate the effect of k on
index performance. The results on CTR and USA with k € {20, 200, 2000, 20000} are reported in
Table 7. We observe that both the indexing time and index size increase only slightly as k grows;
this is because they are dominated by the cut tree construction and the storage of Isd. In contrast,
the average update time rises sharply with larger k, because a modified object is likely to appear in
more local kNNs M; () as k increases. Hence, the index should be built with a small k sufficient
to support all user queries.
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SJC SF NA
On Vertices | 0.52 1.29 1.11
On Edges 0.54 131 1.15
Table 8. Query time (us) for objects on vertices vs. edges.

Exp-13: Performance of CTLD on Directed Graphs. In this experiment, we evaluate our al-
gorithms on the three directed graphs in Table 3. We first construct the cut tree by treating
the graph G as undirected, and then incorporate directional information into the data struc-
tures. For example, Isd is replaced by Isdy (for forward direction) and Isd}, (for backward direc-
tion). For any two vertices v and u, the shortest distance from v to u in G can be obtained as
dist(v,u) = Mingep(o)np(w) Isdp(c,v) + Isdr(c, u). Please refer to the online Supplementary Material
for details of the extension. To the best of our knowledge, none of the existing methods’ imple-
mentations support directed graphs; thus, they are excluded from this experiment. Fig. 13 presents
the indexing time, index size, and average query and update time for the directed version of CTLD
(denoted with suffix “(D)”) and the undirected version (“(U)”), which ignores edge directions and
retains the edge with the smaller weight. As shown in Fig. 13, the directed version achieves compa-
rable or lower indexing time and faster query/update performance than the undirected version.
The performance difference primarily arises from the sparsity of the datasets: when represented
as directed graphs, the overall connectivity decreases, thereby reducing the search space during
indexing and querying. As expected, the index size of the directed version is slightly larger due to
the need to store both forward and backward local distances.

Exp-14: Objects Located on Edges. In this experiment, we still use the three directed graphs,

but with objects located on edges. Specifically, objects are randomly generated under the default
density, each assigned to a random edge (u,v) € E with a random offset in [0, ¢({u, v))) measured
from the source u. The only modification required during index construction concerns le ),
which remains defined on the vertices. In computing M ,f (u), we additionally consider the objects
located on the outgoing edges of u. For a query ¢ located on edge (u, v), we simply issue a query
using vertex v and then combine the results with the objects on edge (u, v) to obtain the kNN for g.
Table 8 reports the average query processing time for the scenarios of objects “on vertices” and “on
edges”; the existing algorithms are omitted as their implementations do not support this setting.
We observe that the difference is negligible.

8 Conclusion

In this paper, we studied the kNN search problem on road networks under dynamic object updates.
Existing solutions fail to achieve a good tradeoff between query and update efficiency, resulting
in limited throughput. To address these limitations, we proposed a local subgraph-based kANN
framework that eliminates the reliance on global structures, enabling efficient index maintenance
under dynamic updates. We designed an efficient query processing algorithm that incrementally
traverses the index to produce the kNN results. We formally proved the correctness of our local
subgraph-restricted kNN indexing approach. Our extensive experiments demonstrated that the
proposed method achieves superior throughput and strong adaptability across various dynamic
workloads.
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