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Abstract: The future query of moving objects involves predicting their future positions based on
their current locations and velocities to determine whether they will appear in a specified area. This
technique is crucial for positioning and navigation, and its importance in our daily lives has become
increasingly evident in recent years. Nonetheless, the growing volume of data renders traditional
index structures for moving objects, such as the time-parameterized R-tree (TPR-tree), inefficient due
to their substantial storage overhead and high query costs. Recent advancements in learned indexes
have demonstrated a capacity to significantly reduce storage overhead and enhance query efficiency.
However, most existing research primarily addresses static data, leaving a gap in the context of
future queries for moving objects. We propose a novel future query technique for moving objects
based on a learned index (FurMoLi for short). FurMoLi encompasses four key stages: firstly, a data
partition through clustering based on velocity and position information; secondly, a dimensionality
reduction mapping two-dimensional data to one dimension; thirdly, the construction of a learned
index utilizing piecewise regression functions; and finally, the execution of a future range query and
future KNN query leveraging the established learned index. The experimental results demonstrate
that FurMoLi requires 4 orders of magnitude less storage overhead than TPR-tree and 5 orders of
magnitude less than BT -tree for moving objects (B*-tree). Additionally, the future range query time
is reduced to just 41.6% of that for TPR-tree and 34.7% of that for B*-tree. For future KNN queries,
FurMoLi’s query time is only 70.1% of that for TPR-tree and 47.4% of that for B*-tree.

Keywords: moving objects; machine learning; learned index; clustering; future range query; future
KNN query

MSC: 68T02

1. Introduction

Future queries oriented toward moving objects are pivotal in various real-world
applications. For instance, in path planning and navigation, executing a future range
query on a map reveals the projected locations of moving vehicles within a specified
area. This information aids drivers in circumventing traffic congestion and selecting
the optimal route. Additionally, this technology is extremely valuable in fields such as
logistics management, traffic control, and emergency response, including safety and disaster
relief efforts [1,2]. Therefore, decades of research by scholars worldwide has focused on
developing specialized index structures for moving objects. These include TPR-tree [3]
and its advanced version, TPR*-tree [4], which are primarily based on the conventional
spatial index structure R-tree [5] or its derivative, the R*-tree [6]. These index structures
efficiently prune irrelevant data during queries and are highly adaptive to the dynamics
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of moving objects. However, in the era of big data, these traditional index structures face
significant challenges.

The relentless growth in data scale necessitates expansive index structures, which can
sometimes surpass the size of the underlying datasets themselves. Research indicates that,
in today’s commercial databases, index structures can occupy as much as 55% of server
memory [7]. As data volumes expand, it becomes impractical for main memory to house
the entire index structure, necessitating partial offloading to external memory [8]. This
imposes considerable storage pressures on databases and leads to increased I/O operations.
The hierarchical nature of these index structures, requiring access from root to leaf nodes,
exacerbates the situation. As the volume of data swells, so does the number of tree nodes
that must be accessed during queries, significantly slowing down query performance. This
issue highlights a critical weakness in traditional R-tree-based index structures in the era of
big data. Given these deficiencies, there is a critical need to innovate the index structures
for moving objects, ensuring they can cope with the increasing data scales and the stringent
demands for query efficiency.

In 2018, Kraska et al. [9] introduced the concept of a learned index, utilizing a Recursive
Model Index (RMI) as an alternative to traditional B-trees. This index employs a multi-
layer machine learning model that learns the distribution patterns of the underlying data,
effectively creating a mapping similar to the cumulative distribution function (CDF) of
approximate keys. As illustrated in Figure 1, for a given query key x, the RMI predicts the
position of x by learning F(x) from the CDF. The exact location of the key is then determined
within the interval [F(x) — ¢,F(x) + €], where ¢ represents the permissible error bound.
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Figure 1. RMI diagram. (a) Framework of RMI. (b) Staged models. (c) Index as CDFE.

A learned index is an innovative index structure that is constructed by leveraging
patterns in the data distribution, thereby exhibiting high adaptability to varying data.
Unlike traditional tree structures, which rely on traversal searches, a learned index performs
queries through direct computations, significantly enhancing query efficiency. Additionally,
since it stores only the parameters of its models—which are independent of the size of the
underlying dataset—it also offers advantages in reducing memory overhead compared to
traditional index structures. A series of one-dimensional learned indexes such as the RMI
have demonstrated limitations when applied to high-dimensional data [10]. In response,
various high-dimensional learned indexes have been developed in the past three years,
including LISA [10], Flood [11], the RSMI [12], and the ZM Index [13]. However, these
studies predominantly focus on static data. Although there have been advancements in
updating methods for high-dimensional learned indexes, their application scenarios remain
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confined to current or historical data queries [14]. Notably, the existing spatial learning
indexes are not equipped to support future-oriented queries for moving objects.

This paper proposes FurMoLi, which employs a machine learning model to construct
an index for supporting future queries of moving objects through a series of meticulously
designed steps. Recognizing the dynamic nature of moving objects, FurMoLi adopts the
clustering approach by Li et al. [15], which accounts for both location and velocity attributes.
This method clusters the dataset into K regions, ensuring that each region maintains similar
positional and motion characteristics to the extent possible. During the dimensionality
reduction phase, we sort and number the cluster centers using the Lebesgue measure [16]
and create a partially monotonic dimensionality reduction function based on the partition
boundaries. This function maps and sorts the two-dimensional data points of moving
objects into a one-dimensional space, preserving the original order of dimensionality
reduction values within each region and preventing cross-region value overlaps. In the
model training phase, FurMoLi learns a series of piecewise linear functions, optimizing
space efficiency, and employs the least squares method to fine-tune the parameters of each
function. In the future query phase, FurMoLi draws on the mechanism of B*-tree [17] to
expand the query windows, facilitating future range and KNN queries for moving objects.

The main contributions of this paper are as follows:

(1) A novel learned index structure and an effective query algorithm based on the
learned index structure are designed to support future queries of moving objects, including
future range queries and future k-nearest neighbor (KNN) queries. As far as we know, this
is the first mature learned index for future queries of moving objects.

(2) A clustering method that considers both location and velocity attributes is utilized
to segment the data region, ensuring uniform motion states within each region. This
approach enhances the model’s capability to effectively learn the data distribution. Mean-
while, on this basis, a creative dimension reduction method is adopted to ensure the query
recall rate and greatly reduce the calculation difficulty. Just add a simple filtering operation
to ensure the accuracy of the query and improve the query efficiency.

(3) Extensive experiments are conducted on synthetic datasets. The results show that
FurMoLi has better storage overhead and query efficiency than traditional moving object
index structures, while maintaining good construction efficiency.

In Section 2, we discuss technologies relevant to this paper. Section 3 details the index
construction process for moving objects and elaborates on future queries. The experimental
results and analysis are presented in Section 4, with conclusions and future works provided
in Section 5.

2. Related Work

In this section, we review some methods related to FurMoLi. Section 2.1 is the introduc-
tion of traditional moving object index structures, and Section 2.2 covers multidimensional
learned indexes.

2.1. Traditional Index Structures for Future Queries of Moving Objects

A moving object is defined as a spatial object whose position continuously changes
over time, which can be either continuous or discrete [18]. The query technology for moving
objects is categorized into future information queries and historical information queries [19].
This paper primarily focuses on the index structure for future information queries.

Based on R*-tree, Saltenis et al. [3] proposed TPR-tree, which employs the time-
distance formula x; = xg + v - Af for uniform linear motion. This formula is used to
time-parameterize data points of moving objects and their minimum bounding rectangles
(MBRs), allowing the MBRs to evolve continuously with the moving objects they encompass.
Future queries on moving objects are conducted by assessing the intersection between
the query rectangle and the expanded MBR. However, the TPR-tree does not provide
a means to quantify and optimize query performance. Tao et al. [4] introduced TPR*-
tree, which considers the overlap of future MBRs. This enhanced version features a
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new insertion strategy and an improved splitting algorithm. Additionally, it optimizes
the dynamic adjustment strategy for MBR boundaries, quantifies query performance,
and thereby enhances both query efficiency and index performance. In response to the
observed degradation in TPR-tree query performance over time, Procopiuc et al. [20]
introduced the concept of automatic adjustment and proposed the Spatio-Temporal Self-
Adjusting R-tree (STAR-tree). This innovative structure allows for automatic adjustments
whenever there is a decline in query performance. Tao et al. [21] proposed the Spatio-
Temporal Prediction tree (STP-tree ), designed to handle moving objects with unknown
motion patterns. This approach involves describing the motion of moving objects using
different trajectory functions on both the server and client sides. This method facilitates the
creation of an expected trajectory index. Jensen et al. [17] proposed the B*-tree based on
the B -tree and employed a space-filling curve to map and order discrete moving points
in multidimensional space, ensuring that points adjacent in the spatial domain are also
adjacent in one-dimensional space, using the B™-tree for the index, which provides high
query and update performance. Different from TPR-tree, B*-tree implements future queries
on moving objects by enlarging the query rectangle. Yiu et al. [22] utilized the Hilbert
curve to index moving objects in dual space and proposed the Indexing Moving Objects
by Space Filling Curves in Dual Space (B*“*/-tree), which is based on the B*-tree structure.
This approach helps to minimize the occurrence of incorrect results in future queries.
The traditional index structures can effectively realize the future queries of moving objects;
however, as the scale of moving objects and application demands grows, these traditional
techniques often experience a decline in query performance. Additionally, the disadvantage
of excessive index storage overhead becomes increasingly apparent. These traditional index
structures of moving objects are summarized in Table 1.

Table 1. Summary of traditional index structures for moving objects.

. Dimensionality - Representation of
Index Structure Underlying Structure Reduction Method Characteristic Moving Objects
TPR-tree R*-tree / Supports .future. query Parameterized MBR
of moving objects
Optimizes the dynamic
TPR*-tree R*-tree / adjustment strategy Parameterized MBR
for MBR
STAR-tree R*-tree / Automatic adjustments Parameterized MBR
STP-tree R*-tree / Supp(?rts unknown Segment
motion patterns
B*-tree B -tree Space-filling curve Enlarges the query 2-dimensional points
rectangle
dual T . Indexes in the .
B —tree BT -tree Hilbert curve Parameterized MBR

dual space

2.2. Multidimensional Learned Index

Since most multidimensional data are disorganized, it is relatively difficult to learn the
cumulative distribution function of the multidimensional data directly using the RMI model
for the machine learning model that more easily learns the distribution characteristics of
ordered data. The concept of the multidimensional learned index was first proposed in
the literature [23]. Currently, the mainstream multidimensional learned index is mainly
divided into dimensionality-reduction-based methods and non-dimensionality-reduction-
based methods.

Wang et al. [13] proposed the Z-order Model (ZM ) index, which utilizes the Z-order
curve to reduce the dimensionality of multidimensional data, transforming it into an or-
dered one-dimensional Z-address to preserve the original spatial relationships of the data.



Mathematics 2024, 12, 2032

50f 20

Additionally, a multi-layer model similar to the RMI is employed to index the Z-address,
enabling the transformation of multidimensional queries into one-dimensional queries.
The Recursive Spatial Model Index (RSMI) index proposed by Qi et al. [12] initially maps the
original data to a grid-sorted space before employing a space-filling curve for dimensional-
ity reduction and sorting. This method employs multi-layer perceptrons to learn the one-
dimensional sorting of multidimensional data, so as to optimize the disadvantages of the
uneven distribution of the ZM index multidimensional data after conversion. Li et al. [10]
introduced a Learned Index Structure for Spatial Data (LISA), a multidimensional learned
index that segments the data space into cells and applies the Lebesgue measure for di-
mensionality reduction. To decrease the model’s complexity, the space is partitioned into
multiple shards using piecewise linear functions. Additionally, a local model is developed
to assign these shards to disk pages, facilitating efficient data retrieval. During queries,
the addresses of the pages containing the relevant shards are returned, followed by a
precise search within those shards. The multidimensional learned (ML) index was pro-
posed by Davitkova et al. [24], which adopts a method similar to the iDistance index [25]
for dimensionality reduction. Subsequently, the one-dimensional value of the data is
indexed using the RMI model, enabling efficient data retrieval and query performance.
Zhang et al. [26] introduced an efficient SPatial inteRpolation functlon based Grid index
(SPRIG), a learned index that employs bilinear interpolation functions to learn the distribu-
tion of multidimensional data. This index is constructed in a non-dimensionality reduction
manner, allowing for the direct handling of multidimensional data without transforming it
into lower-dimensional representations. Nathan et al. [11] proposed A Multidimensional
In-Memory Read-Optimized Index, Flood, a non-dimensionality reduction multidimen-
sional learned index that dynamically adjusts its structure to accommodate varying data
distributions and query demands. Unlike other multidimensional learned indexes that
primarily focus on data distribution characteristics, Flood comprehensively addresses both
the data distribution and the specific requirements of queries. A summary of these learned
indexes is shown in Table 2.

In their experiments, researchers demonstrated that multidimensional learned indexes
outperforms traditional multidimensional indexes in terms of query efficiency and space
utilization. However, these methods were limited to static multidimensional data. This
paper represents the first approach to applying a learned index to the future query of
moving objects.

Table 2. Summary of multidimensional learned indexes.

Dimensionality
Index Structure  Learning Model Reduction Advantages Disadvantages
Method
Small storage Updates and
ZM index Recursive model Z-order curve & KNN query are
overhead
not supported
RSMI Recurs.lve linear Space-filling Supports update High mainte-
regression model curve nance costs
. o Supports update . .
LISA P1ecew1se linear Lebesgue and disk High mainte-
regression model measure . nance costs
operations
ML index Regression iDistance No ove.rllappmg Update is
model partitions not supported
Spatial . .
SPRIG interpolation / High KNN Update is
query efficiency not supported

function
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Table 2. Cont.
Dimensionality
Index Structure  Learning Model Reduction Advantages Disadvantages
Method
Piecewise linear .Adapt to Update is
Flood . / different data

regression model not supported

Initial Dataset

(a)

e -

distribution

3. The Design of FurMoLi

This section will give an in-depth introduction to the design and training ideas of
FurMolLi. Its overall architecture is shown in Figure 2. The overall process includes
partitioning data areas, constructing functions, building piecewise linear learned indexes,
and implementing future queries. Firstly, the “position—velocity” clustering method is
employed to segment the initial moving object dataset into K regions based on the position
and motion states of the data. These regions are then numbered, and a dimensionality
reduction function is constructed to map two-dimensional moving object data into one-
dimensional space and order them. To better understand the distribution of moving
object data, a linear regression model is developed for each region, collectively forming a
piecewise linear learned index. Finally, by expanding the query window, the dimensionality
reduction values at the intersections between the expanded query window and the regions
are calculated. This process determines the scope of the expanded query window on the
one-dimensional index, enabling the retrieval of the required query points.

Data Partition and Learning Piecewise Execute Future
Dimentionality Reduction Function Query

) (0) @

Figure 2. Flow diagram of FurMoLi. (a) Initial dataset. (b) Data partition and dimensionality
reduction. (c) Build a segmented learned index. (d) Execute future queries. The points in red are the
query points.

3.1. Data Partition

In the real world, the distribution of moving objects is often complicated. Without pre-
processing and segmenting the data, directly learning from the dataset tends to result in low
accuracy of the trained learned index and higher training costs. To more effectively learn
the data distribution and facilitate subsequent operations, we fully utilized the location and
velocity attributes of moving object data. We adopted the “location—velocity” clustering
method, which is a variant of the K-Means clustering algorithm [27]. This variant modifies
the distance calculation formula to include the influence of the moving objects’ speed
information. Consider two moving objects in space, O1(0id1, x1, Y1, vx1, vy1) and Oz (oidy,
X2, Y2, VX2, vY2), the clustering distance between O; and O; is defined as Equation (1) to
account for both their spatial coordinates and velocities.

dist?(O1,02) = (x1 — x2)* + (1 — y2)* + &(ve1 — 022)* + a(vy1 — 0y2)2 (1)
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where « is the weight assigned to the velocity information. Given that the velocity attribute
significantly impacts clustering distance calculations for moving objects, typically set & > 1.

The specific process of dividing the data space is detailed below and outlined in
Algorithm 1. First, K data points from the moving objects are randomly selected as the
centroids. For each remaining data point X;(oid;, x;, y;, vx;, vy;) and for each centroid
O]-(x]-, Yj, vxj, vyj) (where j =1, 2, ..., K), the distance is calculated using Equation (1). This
calculation helps determine the region to which each data point belongs by minimizing the
distance between the data point and the centroid of its region, as expressed in Equation (2).

C(i) = arg min (distz (Xz’r Oj) ) @
j

where C() represents the region of the moving object X;. The centroids’ positions and
velocities are then updated in Equation (3) to iterate the process until the model converges
(when the change in centroid A exceeds the predefined threshold) or the maximum number
of iterations is reached. The change in centroid A is defined by Equation (4).

Xoj = 747 ) x

‘ ]‘ XGCj

1

y(/)j ~cl Z Y

| ]‘ yECj (3)
Z);coj = L Ux

‘C]‘ 'UxGCj
v/yo] _ L vy

|C]‘ "UyEC/'

A=Y (dist*(0;,07)) (4)
K

where C; refers to region j, |C;| refers to the total number of moving objects in region j,
and Oi(xy;, ¥, Vyyir V) Tefers to the updated centroid of region j. Additionally, since
calculating the intersection of rectangles is simpler than that of rectangles and circles, it
is practical for the subsequent operations of FurMoLi to construct a minimum covering
circle for each region using the finally determined centroid coordinates as the center. Subse-
quently, the minimum circumscribed rectangle of the circle is constructed. This rectangle is
then used as the final boundary for the data division of the moving objects, ensuring the
ease of calculation and integration into the FurMoLi system. Equations (5)—(7) build the
minimum covering circle and the minimum circumscribed rectangle for each region.

= ??é‘é((xi )+ (n)) ©

2 2
(x - xfa/) + (y - J/f)j) =17 (6)
Xjmin = xf)]- -7
Ximax = X/ +7;
]'max B /0] ] (7)
Yjmin = ]/0]’ -1
Yjmax = Yoj 1]

where r; represents the radius of the minimum covering circle of region j and [X; min,
X; max] X [yj min Y max] fepresents its minimum circumscribed rectangle. The construction
result is shown in Figure 2b.



Mathematics 2024, 12, 2032

8 of 20

Algorithm 1 Data partition.

Input: Moving objects dataset X, number of regions K, maximum iterations M, conver-
gence threshold E.
Output: K region information [X; min, Xj max] X [} min, ¥j max), centroids” information of K

: v / / /
regions O]-(xo]-, Yojs Uxojr vyoj).

1: Randomly select K moving objects as initial clustering centroids O;,j=1,2,..., K.

2: Initialize the number of iterations ¢=0.

3: Initialize A = co.

4: whilet < Mand A > E do

5: X; € c®

6: O]' — O;

7. Update A, t =t+1

8: end while

9: Build the minimum covering circle and the minimum circumscribed rectangle for each
region.

—_
(=)

: return [xjminr xjmax] x [yjminr yjmax]/ O]/

3.2. Dimensionality Reduction

The dimensionality reduction function D must satisfy the following conditions:
sup D(X;) < inf D(X;) (8)

where X; € C;, X; € Cj,and i < j. In the dimensionality-reduction process, regions must be
initially sorted and numbered. This is achieved by calculating the Lebesgue measure [16] of
the rectangle formed by the center of each region and the coordinate axes. These measures
are then compared, and the regions are sorted in ascending order. Subsequently, each
region is assigned a unique identifier N;. To ensure the effectiveness of this approach, we
must guarantee that every point within a region has a dimension reduction value that falls
within the interval [N, N + 1). Consequently, the dimensionality reduction function must
possess three essential properties:

¢  Continuity: The dimensionality reduction value should be close for moving objects
that are proximate in space, ensuring a smooth transition in the reduced dimensions.

*  Boundedness: The dimension reduction value for any moving object within a region
must lie within the interval [N, N + 1).

*  Consistency: For any rectangle, the dimension reduction values at the lower left and
upper right corners should accurately represent the range of dimension reduction
values for the moving objects within that rectangle.

Property 3 is established to simplify the future query process and ensure high recall,
which will be demonstrated in the forthcoming Section 3.4.

It is logical to compare the Lebesgue measure of each point within the region to the
Lebesgue measure of the rectangle defined by the left and bottom boundaries of the region.
According to the dimensionality reduction approach described in Equation (9), Equation (8)
and the three properties above can be satisfied.

u(H;)
D(X;) = N; + 9
(%) =N+ B2 ©)
where y is the Lebesgue measure on R?, X; € C; = [Xjmin, ¥imax] X [Yimin, ¥imax),

H; = [Ximin, Xi] X [Vimin, Vi]- However, there is an issue with points on the region’s bound-
ary: their Lebesgue measure is 0, rendering them unsupportive for future queries. Conse-
quently, we introduce a new method for dimensionality reduction. This approach utilizes a
straightforward linear dimensionality reduction, as detailed in Equation (10):

D(Xi) = Ni (B x gt (1) x i time ) (10)

Ximax —Ximin Yimax —Yimin
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where 0 < B < 1. In this approach, the value of & determines the relative impact of
the x and y directions on the dimensionality reduction value. Equation (10) not only
fulfills the previously mentioned conditions and properties, but also resolves the issue that
Equation (9) cannot compute the dimension reduction value for points on the boundary.
Subsequently, the moving objects are sorted based on the dimensionality reduction values.
With calculating in Equation (10), the dimensionality reduction values for all moving objects
in each region is ensured to be within a specific segment. Consequently, the dimension
reduction values of moving objects in different regions will not overlap.

3.3. Learning Piecewise Function

This subsection will elaborate on the process by which FurMoLi constructs the learned
index. After the partition of data regions and the reduction of data dimensions as discussed
in the previous subsections, the initial data of moving objects are organized into K adjacent
and disjoint regions within a one-dimensional array, based on their position distribution
and motion state. For each region, the dimensionality reduction value of each moving
object, termed the key value, serves as the input, while the corresponding position of this
key value in the array, known as the index value, is used as the training label. A linear
regression model is then developed as the learned index for each region. Consequently,
a piecewise linear learned index is trained for the entire dataset of moving objects.

Figure 3 illustrates an example of the Key-Index CDF obtained using the methods
described in the previous two subsections for a moving object dataset. The relationship
between the key value and the index appears complicated, as depicted in the figure.
Utilizing the approach from the literature [28] would make it challenging to simulate this
complexity with a neural network, particularly for large datasets. Instead, we employed a
piecewise linear function to fit this relationship for several reasons:

¢  The parameter size of the piecewise linear function is significantly smaller than that of
a neural network, which reduces the space needed for learning the index structure;

¢  Constraining the piecewise linear function to be monotone is simpler;

. The training time for piecewise linear functions is much shorter than for neural networks;

¢ During the future query phase, the piecewise linear function can expedite computa-
tions and enhance query efficiency.

140.0K

120.0K A

100.0K ~

80.0K

Index

60.0K

40.0K -

20.0K A

0.0K

0.0K 2.0K 40K 6.0K 8.0K 10.0K 12.0K 14.0K
Key Value

Figure 3. Example of Key-Index CDE.



Mathematics 2024, 12, 2032

10 of 20

For a region C;, let M, = D(X,,), X» € C;, and I, be the corresponding index value
of M;, where n is the number of moving objects in C;, M; < M;, 1 < i <j<n Let
M = (My,My,...,M,)Tand 1 = (I, I,...,I,)T. Train a linear regression function f;(x)
for region C; with M as the model input and I as the model training label:

fi(x) = aix +b; (11)

where 4; and b; are the parameters of the model, x € M, 1 < i < K. To ensure that
Equation (11) is monotonically increasing, it is essential to guarantee that 2; > 0. We
employed the least squares method to determine the parameters and constructed the loss
function as Equation (12):

Li=Y (fi(M) - 1)* (12)

]

Nygh

To determine the corresponding parameters, it is essential to minimize the loss function.
The gradient descent method is employed to calculate this minimization. By taking the
partial derivative of Equation (12) and setting it to zero, the sum of squared differences
between the predicted and actual values is minimized. The values of the parameters
a; and b; for the linear regression model, which correspond to region C;, are shown in
Equation (13):

a: n — Y
oL _og 7 -1 My —n(M) (13)
ob; — b;=1—aM

where M and I are the average values of M and L

Ultimately, the multi-segment linear model, as depicted in Figure 2c, is constructed.
Since the prediction function invariably contains errors, similar to the RMI [9], a maximum
error threshold ¢; must be established for each segment of the learned index, which is
defined as the maximum difference between the predicted and actual index values.

Following the described construction process, a linear regression model is developed
for the remaining K — 1 regions, culminating in a global piecewise linear learned index.
Finally, only the model parameters and error thresholds of the K-segment linear learned
index need to be stored. In the next subsection, we will utilize f;(x) and the corresponding
error threshold ¢; for future range query and future KNN query on moving objects.

3.4. Future Range Query

Since the learned index is constructed based on the current time, we adopted B*-tree
method to facilitate future range queries. For a future query window Q[x; min, ¥gmax] X
[V min, Ygmax] at time t;, we implemented future queries by expanding Q, as outlined in
Algorithm 2. This approach ensures the recall rate of future queries and is more efficient
than the MBR expansion method used by TPR-tree [3]. Detailed proofs are provided in
the literature [17], and this paper offers only a brief explanation, as depicted in Figure 4.
Q is a query window at time t; in the future. The moving objects p1, p; at to move to p},
phat t;, which are in the query window at t,. In order to achieve this result, the B-tree
assigns Q the maximum rates vymax, Uppaxs Vumax, and gy, of all moving objects in the
four directions x*, x~, y*, and y~. Expand the query window to Q’ [x"a mins Xgmax]’ X

[yfq min”’ yllq max} bY Equation (15):
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xtlymin = Xgmin — UImax ° (tq - tO)
xi]max = Xgmax + Urmax - (tq o tO) (15)
Ygmin = Yqmin — Pdmax * (tg — to)
y/qmax = Ygmax + Umax - (tq - tO)
1 1 » time
Current time 7, Query time 7,
A A
( \ ( \
® ’ [ ]
P Q 2 AN N Vimax
s Q
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1

1

1

1

1

1

]
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1
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Figure 4. Illustration of query window expansion.

Because this query method is not constrained by the basic structure of the index, it is
well suited to the learned index structure. Leveraging the consistency of the dimensionality
reduction function introduced in Section 3.2, the issue of future range query for moving
objects based on the learned index can be efficiently addressed. By determining the
coordinates of the lower left L and upper right R corners of the intersection between the
expanded query window Q' and the regions, computing the dimensionality reduction
values, the moving objects within the query window Q at time t; can be identified using the
region’s learned index [f;(D(L)) — ¢;, fi(D(R)) + ¢;]. In the following, we will prove the
recall of the preceding query process, which is also the consistency of the dimensionality
reduction function:

Let the intersection of the expanded query window Q’ and the region C; be as rect-
angle P, with the lower left corner coordinates L(X,pin, Ypmin) and the upper right corner
coordinates R(Xpmax, Ypmax ). For VA(x,y) € P:

= D(L) < D(A) < D(R) (16)

{ Xpmin < ¥ < Xpmax
Ypmin < y < Ypmax

Based on Equation (16), for any point inside P, its dimensionality reduction value
must be between the dimensionality reduction values in the lower left corner and upper
right corner of P.

Since simple linear dimensionality reduction does not account for the dense distri-
bution of data points of moving objects within intersecting rectangles, a small number of
spatially non-adjacent points become adjacent in the one-dimensional array. Additionally,
due to the error threshold ¢;, a few moving objects that do not belong to the intersecting
rectangle P will be returned in the range [f;(D(L)) —¢;, fi(D(R)) +¢;], as depicted in
Figure 5. To address this, a straightforward filtering step is added to remove moving objects
not within Q’, as shown in Figure 2d. Given that the number of objects requiring filtering
is significantly smaller than the initial dataset, the query efficiency of the algorithm will not
be substantially affected.
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Figure 5. Example of querying additional objects. The points returned are red. The green points
are the bottom left and top right corners of the intersecting rectangles. The dashed rectangle is the
original query window, and the realization rectangle is the expanded query window.

Algorithm 2 Future range query.

Input: Query time t;, query window Q|X;min, Xgmax] X [Ygmin, ¥qmax]-
Output: Moving objects X,; € Q.

. Get Vrmax, Vlmax, Qumaxs Odmax-

: Expand Q — Q.

Q'NC; = P,

Get Li/ Ri of Pi'

: Calculate [f;(D(L)) — €, fi(D(R)) + €], and obtain the moving objects.
: Filter moving objects ¢ Q’

: return X,

N U A WN e

3.5. Future KNN Query

A future k-nearest neighbor (KNN) query involves, given a moving object q(xy, y;),
querying the k nearest moving objects to g at a future time ¢;. On the basis of Section 3.4,
this paper describes an iterative expansion of the future range query window until a
sufficient number of k-nearest moving objects are returned. The specific process is outlined
in Algorithm 3.

Initially, a positive query rectangle Qy; is constructed with q and 2r, as the side length,
where the calculation for 74 is provided in Equations (17) and (18) [29].

D
rn=—7 (17)

k 1/2
Dk:\/ZE 1— 1(N> (18)

where Dy is the estimated distance between q and its k' nearest neighbor moving object
and N is the total number of moving objects. For the future time 4, Qjq is expanded to Q},
according to Algorithm 2. If Q}, contains at least k moving objects within the inscribed
circle of Qyq at t;, the process stops. Otherwise, Qy; is expanded to Qy, by 74, and Qj
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is further expanded to Qj, following Algorithm 2. The search then proceeds in the area
between Q;, — Qj,, iterating until the k nearest moving objects to ¢ are identified.

Algorithm 3 Future KNN query.

Input: Query time t;, moving object g(x4, y;), number of nearest neighbors k.
Output: k-nearest moving objects to 4.

1: Calculate r4, and obtain Q.

2: Expand Qg — Qj4-

3: Initialize i = 1.

4: while 1 do
5. ifi =1 then
6: Search moving objects in Q};.
7. else
8: Search moving objects in Q;, — Q1.
9: end if
10:  if k moving objects exist in inscribed circle of Qi then
11: Break.
12: else
13: i=i+1.

14: Expand Qy;—1 — Qy;.

15: Expand Qy; — Q4

16:  end if

17: end while

18: return k-nearest moving objects.

4. Experimental Results
4.1. Experimental Settings and Datasets

In this section, we assess the performance of FurMoLi through a series of experiments,
comparing it with traditional moving objects index structures such as TPR-tree and B*-tree.
Our evaluation focuses on the index structure construction efficiency, space overhead,
and future query performance, validating the effectiveness of FurMoLi. Based on the
experimental results presented in [17], the B*-tree that utilizes the H-curve outperforms in
all aspects. Therefore, in this experiment, the B*-tree was constructed using the H-curve.

The experiments were carried out on a 12th Gen Intel(R) Core(TM) i7-12700KF
3.60 GHz desktop computer equipped with 32GB of memory and 1.5TB of disk space.
To ensure the fairness of the experiments, all three models were implemented using Python
3.10 and tested exclusively on the CPU.

We employed the same data generator as previously used for simulating the moving
object datasets, ensuring experimental fairness when evaluating TPR-tree and B*-trees as
per the methodologies described in [3,17]. This approach facilitates direct comparisons of
our results with those studies. The generator is defined as follows [3]:

Consider a scenario wherein N moving objects traverse a vast spatial expanse measur-
ing 1000 x 1000 km?. ND destinations are uniformly positioned throughout this region,
serving as vertices of an intricately connected graph with bidirectional thoroughfares.
Throughout the simulation, the object count remains constant—neither diminishing nor
augmenting. These objects are initially positioned at random junctures along any given
roadway. Each object is impartially allocated to one of three max speed categories—0.75,
1.5, or 3 km/min (equivalent to 45, 90, and 180 km /h, respectively)—ensuring a uniform
probability distribution across these velocities. The movement dynamics are segmented
as follows: the initial one-sixth of the journey is dedicated to acceleration from standstill
to peak velocity; the subsequent two-thirds of the route are traversed at this constant
maximum speed; the concluding segment, constituting the final sixth, involves deceler-
ation. Upon arrival at a designated destination, an object is promptly reassigned a new
destination at random.
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For each dataset, we initialized the index structure at time 0 and monitored the query
efficiency after 10 time units (if the time is set too long, there is no predictive significance).
The parameters applied are detailed in Table 3, with bold values indicating the default
settings used.

Table 3. Parameter settings.

Parameter Setting
N (number of moving objects) 100K,200K,...,800 K
K (number of regions) 10, 20, 50, 100
Range query window size 4%, 10%, 25%, 40%, 60%, 80%
k (number of nearest neighbors) 10, 20, 40, 80, 100
ND (number of destinations) 10, 20, 30, 40, 50

4.2. Storage Overhead

Storage overhead is crucial for index structures of moving objects. In the big data
era, the storage overhead associated with traditional index structures often becomes exces-
sively large, occasionally surpassing the space occupied by the underlying data themselves.
Table 4 shows the space occupied by three different index structures across varying dataset
sizes. It is clear that both B*-tree and TPR-tree exhibit growth in space consumption
as the dataset size increases. In contrast, the space required by FurMoLi remains rela-
tively constant and is up to 4 or 5 orders of magnitude smaller than that of the other two
index structures.

Table 4. Storage overhead for different index structures (KBytes).

Index Structure

N TPR-Tree B*-Tree FurMolLi
100 K 6692.86 18,970.73 1.96
200 K 13,205.50 37,920.91 1.96
300 K 19,943.42 61,677.18 1.96
400 K 26,701.82 82,158.05 1.94
500 K 33,169.41 102,703.15 1.94
600 K 39,624.70 123,195.17 1.95
700 K 46,538.75 154,616.77 1.95
800 K 52,912.13 176,723.72 1.95

This difference arises because traditional index structures store the entire data structure,
including nodes and pointers, whereas FurMoLi requires only the storage of parameters
a, b, and € from the segmented learning model. With the number of regions K set to 20,
only 60 parameter values need to be stored, significantly reducing the storage overhead.
The storage overhead for FurMoLi remains relatively constant, as it is solely dependent
on the value of regions K and the number of parameters, rather than the volume of the
underlying data. This relationship is demonstrated in Table 5.

Table 5. Impact of different K with different dataset size on FurMoLi storage overhead (KBytes).

N

K 100 K 200 K 300 K 400 K 500 K
10 0.973 0.973 0.967 0.976 0.980
20 1.959 1.959 1.949 1.944 1.943
50 4.883 4.874 4.891 4.906 4.903

100 9.814 9.775 9.770 9.779 9.790
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4.3. Building Efficiency

Figure 6 illustrates the index construction time for three index structures across differ-
ent dataset sizes. As the dataset size increases, the construction time for all three structures
also increases. Among them, the TPR-tree exhibits the largest increase in construction
time. In contrast, both B*-tree and FurMoLi show relatively smaller increases. Specifically,
the construction time for FurMoli is slightly higher than that of B*-tree. This is because
FurMoLi’s construction involves two stages of machine learning—clustering and regression.
Nevertheless, FurMoLi remains relatively efficient on index construction time.

80

u TPR-tree
70
B B¥tree

60 FurMoL1

il

100K 200K 300K 400K 500K 600K TO0K 800K

Index Build CPU Time(s)

Number of Moving Objects

Figure 6. Performance comparison of building efficiency.

4.4. Future Range Query

Figure 7 illustrates the efficiency of the three index structures for the processing future
range queries across various dataset sizes. As the data volume grows, the query time for all
three structures also increases due to the increase of the objects inside the query window.
However, TPR-tree and B*-tree exhibit significant increases, while FurMoLi shows a more
gradual rise. This demonstrates that FurMoLi can scale more effectively while maintaining
consistent performance compared to the two traditional index structures. Meanwhile,
FurMolLi is the most efficient, consuming only 41.6% of TPR-tree and 34.7% of B*-tree in
query time on average. This superior performance is attributed to FurMoLi’s ability to learn
the data distribution better and train a suitable model using a piecewise-learned index.
Additionally, unlike traditional index structures that rely on traversal queries, FurMoLi
primarily performs calculations, resulting in lower time complexity.

Next, we discuss how the size of the query window affects query efficiency. We
analyzed the query performance of three index structures with a dataset of size 100K
by adjusting the ratio of the future query window area to the total space area. Figure 8
shows that query time increases with the query window size. For TPR-trees and B*-trees,
larger query windows contain more moving objects, requiring more nodes to be accessed.
For FurMoli, larger query windows lead to more intersecting regions, an increased amount
of filtered data, and more computation. According to the comparison results, FurMoLi
consistently exhibits the best query efficiency, regardless of the query window size.
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Figure 7. Performance comparison of future range query.
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Figure 8. Effect of query window sizes on future range query.

We also investigated the impact of the data distribution on the query efficiency of
the three index structures by varying the number of destinations (ND) during data con-
struction. Figure 9 shows that the query cost of all three index structures slowly increases
as the number of destinations increases, with only slight differences in milliseconds. Fur-
MolLi consistently demonstrates the best query efficiency. However, a notable increase in
query cost occurs at ND = 50. This is because, as ND increases, the data become more
disorganized, worsening the clustering effect and reducing query efficiency.
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Figure 9. Effect of data distribution on future range query.

4.5. Future KNN Query

For the future KNN query, the efficiency was evaluated similarly to the future range
query. Figures 10 and 11 show the effects of the dataset size and data distribution on the
future KNN query performance. Since FurMoLi’s future KNN query is based on the future
range query, the results are similar to those exhibited by the future range query.

60
—&—TPR-tree
50 —— B¥ree
FurMoLi

Future KNN Query CPU Time (ms)
s S &

—
[=]

100K 200K 300K 400K 500K 600K 700K 800K
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Figure 10. Performance comparison of future KNN query.
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Figure 11. Effect of data distribution on future KNN query.

Figure 12 illustrates the future KNN query efficiency of the three index structures for
different k values. As k increases, the query time for TPR-tree increases the most, while
B*-tree and FurMoLi show slower increases. FurMoLi remains the most efficient across
different k values.
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W
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The Value of k

Figure 12. Effect of k on future KNN query.

5. Conclusions

In this paper, we propose FurMoLi—a novel future query technique for moving objects
based on the learned index. To the best of our knowledge, FurMoLi is the first method that
uses the learned index for the future query of moving objects. The experimental results



Mathematics 2024, 12, 2032 19 of 20

demonstrated that FurMoLi outperforms the traditional moving object indexes, TPR-tree
and B*-tree, particularly in terms of query time for the future range query and future
KNN query. Notably, FurMoLi also offers significant advantages in storage overhead.
Additionally, FurMoLi exhibits excellent scalability, maintaining consistent query and
storage performance even as the data volume increases significantly. Finally, FurMoLi
demonstrates strong adaptability, maintaining good query performance even when the
number of destination (data distribution) changes.

In this work, we did not consider the update mechanism of FurMoLi, which provides
a direction for subsequent research. When the data change significantly, a mature update
mechanism can avoid the negative impact of index rebuilding. Meanwhile, FurMoLi utilizes
a simple linear regression model. In future work, more advanced machine learning and
deep learning models could be explored to build the learned index, thereby enhancing both
query efficiency and index construction. At the same time, the dimensionality reduction
method used in this paper ensures high recall, but achieving precision requires an additional
filtering step, which reduces query efficiency. Future work will aim to explore algorithms
that can guarantee both recall and precision. Ultimately, this paper only addresses two
basic queries: future range query and future KNN query. Exploring the use of FurMoLi for
the future continuous query and future closest pairs query is another important direction
for future research.
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