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Abstract—R-tree is a popular index which supports efficient
queries on multi-dimensional data. The performance of R-tree
mostly depends on how the tree structure is built if new data
instances are inserted, which has been studied for years. Existing
works can be categorized into two groups. One is the bulk-loading
approaches that insert data instances in batch, but they cannot
support real-time insertion. Hence, our focus is on the other
one that inserts each data instance individually, and thus fresh
data can be instantly queried. However, existing methods do
not consider the workload information, which leads to limited
potential optimization opportunity. Therefore, it is important
to study workload-aware R-tree construction for efficient multi-
dimensional data access. There are several challenges. First, how
to represent the query workload is a challenge. Second, given
a workload, it is challenging to accurately measure the benefit
of a data insertion choice. Third, both range queries and kNN
queries should be considered in the workload.

To address these challenges, we propose a novel framework
that leverages a learning-based method to solve the workload-
aware R-tree construction problem. First, by extracting the query
workload features, we learn a distribution for the workload
using the space partition. Second, considering the distribution, we
design a cost model to describe the benefits (i.e., query execution
time) of different insertion choices and select the best one. Third,
we convert the kNN queries to range search ones, so as to support
the workload including both types of queries. Experimental
results show that on OpenStreetMap real datasets, compared
with baselines, we improve the query efficiency by 1.17×.

I. INTRODUCTION

R-tree is a popular tree data structure used for spatial
data, i.e., indexing multi-dimensional data like geographical
coordinates, rectangles or polygons, which are represented by
hierarchical minimum bounding rectangles (MBRs). The query
efficiency mostly depends on the structure of an R-tree, and
most research works [3], [4], [7], [14]–[16], [31] in this field
focus on how to construct a well-organized R-tree leveraging
the operation of data insertion.

Limitations of existing methods. Generally speaking, there
are two lines of works to address this problem. One is the bulk-
loading approaches [1], [2], [17], [19], [23], [28] that directly
pack all data instances to be inserted into leaf nodes. The
limitation is that they cannot support real-time data insertion,
and thereby one cannot instantly query the data instances that
have just been inserted. Hence, in this paper, we focus on the
other line of works [4], [14]–[16], [31] that update the R-tree
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by inserting each data instance individually, and thus one can
access fresh data at any time. However, current works in this
line just leverage heuristic methods, e.g., inserting an data
instance based on the area enlargement of an MBR without
considering the workload characteristics, and thus the potential
optimization opportunity is limited. The reason is that the
workload in real world always follows a certain distribution.
Given such a workload, we should build an R-tree such that
queries following the same distribution as the workload can
be efficiently executed on the tree. Therefore, in this paper, we
aim to optimize the R-tree construction by taking the historical
query workload information into consideration.

Challenges. At a high level, there are several challenges for
the problem of workload-aware R-tree construction. First, how
to capture the features of the query workload and represent
it for effective and efficient optimization is the first main
challenge (C1). Second, given a workload, how to measure the
benefit of an insertion choice to the workload is challenging
(C2). Traditional measurements (e.g., area enlargement) are
not appropriate because they cannot well represent the query
execution time. Third, spatial queries are not limited to the
range search query, and kNN query is also a significant one,
and thus how to consider both queries in the workload is
another challenge (C3).

Our proposed method. To address the above challenges, we
propose a learned workload-aware framework, RW-tree that
builds the R-tree that supports efficient spatial data access
considering the workload information. To be specific, we first
extract several important features from the query workload
and learn a distribution to represent the workload, such that
the characteristics of the workload are well captured when
building the R-tree (for C1). Then, given the workload rep-
resentation, we need to measure how a data insertion choice
performs on the workload, so as to discover the best choice.
To this end, we propose a cost model as the measurement,
which can accurately approximate the real query execution
time (for C2). Third, when the workload contains both range
search queries and kNN queries, we propose to transform
kNN queries to the former ones and leverage learned data
distribution to answer these queries (for C3).

Contributions. To summarize, we make the following contri-
butions in this paper.

(1) We propose a learned workload-aware framework for R-



(a) An example of R-tree with query workload. (b) An example of data insertion using heuristics. (c) An example of workload-aware data insertion

Fig. 1. Examples of data insertion strategies.

tree construction, so as to optimize the query efficiency
considering the workload information.

(2) We learn the workload distribution through space par-
tition, and propose a cost model to effectively and ef-
ficiently capture the performance of each data insertion
choice based on the learned distribution.

(3) We also support to optimize the R-tree built based on the
workload mixed with range search and kNN queries, by
transforming the kNN queries to range ones.

(4) Experimental results show that our method significantly
outperforms existing R-tree construction approaches, im-
proving the efficiency by 1.17× in real-life datasets.

Paper organization. First, we define the typical data insertion
problem and introduce the cost model in Section II. Then
we introduce our workload-aware framework to address the
proposed problem using the cost model in Section III. Next,
we introduce model training and inference in Section IV. In
Section V, we illustrate how to support kNN queries in the
workload. We compare our method with other state-of-the-art
methods in Section VI. We review related works in Section VII
and conclude in Section VIII.

II. PRELIMINARY

A. Problem Definition

As we know, R-tree is a data structure that groups nearby
data instances, represents them as an MBR, and organizes
these MBRs as a balanced search tree. Given an R-tree, the
searching algorithm is rather simple, which uses the bounding
boxes to decide whether to search inside a subtree (i.e., an
MBR) or not. Therefore, the tree structure has a large impact
on the search performance, which is determined by the data
insertion operation. To insert a data instance, the tree is

traversed recursively from the root node, where two key steps
should be considered iteratively.
(1) [Choosing the insertion subtree.] During the recursive
process, at each tree level, we have to choose which subtree
the node should be inserted into. Then this step repeats until
reaching a leaf node.
(2) [Splitting an overflow node.] When the data instance is
inserted, causing a node to exceed the storage limitation, we
should split this node into two parts or re-insert some data
instances.

Limitations of typical heuristics. To address the above steps,
traditional strategies adopt some heuristics considering the
area of MBR. Taking the typical R-tree [16] as an example,
for choosing the subtree, if an instance is to be inserted, it
will select the node with the minimal area enlargement. For
overflow treatment, it splits an overflow node based on the
distance between children nodes in the area. However, the
above heuristics do not consider the characteristics of query
workloads, leading to the performance degradation.

Example 1: For example, Fig. 1 (a) shows an R-tree asso-
ciated with a historical query workload, denoted by dashed
rectangles. The R-tree is shown in colored solid rectangles.
We can observe that the queries are dense in the upper part of
the spatial space, and sparse in the lower part. Suppose that
R15 is going to be inserted into the R-tree, and firstly, we
should choose from R21 and R22. If we adopt the traditional
method as shown in Fig. 1 (b), R15 will first be inserted into
R21 because the area enlargement of R21 is less than that of
R22. However, considering the query distribution, if we insert
into R21, given such a workload, q1, q2 and q3 will lead to
extra scans because they have overlap with R21. If we insert
into R22, only q4 needs an extra scan, which is more efficient
than the choice of inserting into R21.
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Fig. 2. Relationship betweenC and query execution time.

Workload-aware data insertion. Based on the example, we
can see that considering the query workload, simply relying
on the area enlargement to choose the subtree for insertion
may not be a good choice. Ideally, given a query workload, a
data instance, and several candidate MBRs to be inserted, if
we can accurately obtain the performance change of the data
instance being inserted into each MBR for the workload, we
naturally have the ability to select the “best” MBR that leads
to the most performance improvement to insert. However, the
performance change is rather hard to derive because (1) the
entire distribution of the query workload (including the future)
is hard to predict, and (2) the performance is unavailable unless
the workload is executed. For the former one, we make a
reasonable assumption that the workload remains stable over
a long period of time, and thus it is feasible to build the R-tree
based on a historical workload. For the latter one, we propose
to use a learning-based method to estimate the performance
change for data insertion.
Remark.The above example mainly discusses the limitation of
heuristic method w.r.t. the choosing subtree step. For over�ow
treatment, the heuristic method based on the distance is also
hard to �nd the optimal solution for the query workload (we
omit the example due to the space limitation). But fortunately,
both steps can be solved by the learning-based method that
will be introduced later.

Cost: # of scanned nodes.For the widely-used range search
query (dashed rectangles in Fig. 3), the search algorithm is
to recursively scan the nodes whose MBRs overlap with the
query MBP. Note that R-tree is balanced, so the scanning time
on each node is similar, and thereby the number of scanned
nodes is proportional to the query execution time. Since the
actual execution time of a query in workload is hard to obtain,
we propose to use the total number of scanned nodes (we also
name the scanned number ascost, denoted byC) during the
entire workload as a measurement of the performance. Thus,
optimizing the cost is basically to optimize the execution time,
as shown in Fig. 2.C(T; q) is the actual number of nodes that
scanned during the execution process of queryq on R-treeT.

Example 2:As shown in Fig. 3, we consider a workload

Fig. 3. An example of the cost metric

W f q1; q2; q3g and a R-treeT rooted at the nodeRT (RT is
rectangle including all nodes and not shown in the Figure).
The node of R-tree isf RT ; R16; R17; � � � R22g and the data is
f R1; R2; � � � ; R15g. For the search ofq1, RT ; R17; R21; R22

overlap with theq1 and each of them will be scanned once,
so the cost off q1g is 4, denoted byC(q1) = 4 . For the whole
workload,RT andR21 will be scanned inq1; q2; q3, R22 and
R17 will be scanned inq1 andR19 will be scanned inq2, while
other internal nodes will not be scanned. Hence, the total cost
of the entire workload executing on the tree is3+3+1+1+1 =
9, denoted byC(T; W) = 9 .

(a) An example of candidate selection

(b) An example of the insertion strategy

Fig. 4. An example of insertion optimization problem
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