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Abstract. Cardinality estimation for spatial queries plays an important
role in query scheduling and optimization. Spatial datasets are fully dy-
namic, and this setting necessitates an update-friendly, low-latency, and
accurate cardinality estimator. However, existing cardinality estimation
methods suffer from time-consuming updates and/or inefficient estima-
tion. This work proposes SAFE (Sampling-Assisted Fast learned cardi-
nality Estimator), which is carefully designed for dynamic spatial data.
We specifically develop a sampling strategy that uses a quad-tree-based
data partitioning and extracts a small subset, to enable fast training
of cardinality estimation models. In addition, we employ 2-tier regres-
sion models to approximate the spatial data distribution while achieving
accurate and fast cardinality estimation. We furthermore provide an in-
cremental model update strategy to avoid re-training all models from
scratch when we receive updates. We conduct experiments on real and
synthetic datasets. Their results demonstrate that SAFE (i) outperforms
state-of-the-art cardinality estimation models and (ii) efficiently handles
data updates while ensuring accurate and low-latency estimation.

Keywords: Database · Cardinality estimation · Machine learning.

1 Introduction

Nowadays, substantial amounts of spatial points are being generated, because
of the widespread use of GPS-enabled mobile devices [4, 17]. Due to this trend,
spatial data applications require data management technologies that can offer
efficient and high-quality analysis and search for spatial data [2]. One of the
fundamental technologies for spatial data is range queries, which find spatial
points within a specified range.

Reducing the latency of dealing with workloads consisting of range queries
is essential to provide comfortable applications for users. Cost-based query op-
timization is often used to obtain the most efficient query plan. Cardinality
estimation, which estimates the result size of a given query, is one of the most
important core functions for query optimization. Because spatial data applica-
tions usually need to deal with a significant number of range queries, the accuracy
and efficiency of cardinality estimation for range queries are directly related to
the efficiency of dealing with a workload of range queries [11].
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Spatial datasets are generally dynamic, i.e., they allow frequent updates, in-
cluding insertions and deletions [1, 14]. Therefore, cardinality estimators should
be updatable according to dataset updates. This is a trivial requirement: if a
given dataset is subject to updates, static estimators cannot consider the latest
data distribution and the estimation results will be inaccurate. This paper ad-
dresses the cardinality estimation problem on dynamic spatial data and designs
a fast, accurate, and efficiently-updatable cardinality estimator.

Motivation and challenge. Recent results of learned cardinality estimation
methods show remarkable improvements compared with traditional methods
(e.g., histogram-based methods) [7, 12]. Learned cardinality estimation methods
can be categorized into query-driven models and data-driven models.

Query-driven models are built on training queries and map a training query to
its true cardinality. Most of them use deep learning to capture the relationship
between queries and cardinalities [15, 18]. The nature of “relying on training
queries” is infeasible for dynamic data, because we need to collect training queries
and compute their true cardinality whenever we receive updates.

Data-driven models usually learn the distribution of a given dataset mainly
through deep neural networks [12, 21]. They hence take a long time to build a
model (at least several “minutes” of training time are required for large datasets)
[7]. This property limits to only static data, as they cannot support fast model
updates (i.e., re-training is required whenever datasets are updated). LHist [11]
is a state-of-the-art cardinality estimator for spatial data and does not use com-
plex models like neural networks, but it also does not support model updates.
Traditional methods, such as histogram and sampling, also can be considered as
data-driven models, because they generate some statistics from original datasets.
Although their structures are easy to build, their accuracy is lower than those
of learning-based models [6, 15].

We here summarize the challenges that need to be solved to deal with dy-
namic spatial data effectively. (1) Stable performance: The estimation accu-
racy and speed should be stable even if a given dataset is updated. (2) Fast
estimation: Cardinality estimation is frequently called, so fast estimation (e.g.,
microsec-level) is desirable. (3) Update-friendly: Estimation models should be
easily (efficiently) updatable according to data updates. As seen above, existing
approaches cannot satisfy these requirements at the same time.

Contribution. We solve the above challenges and make the following contribu-
tions to the cardinality estimation problem on dynamic spatial data.

(i) SAFE. We propose SAFE, a sampling-assisted fast and accurate learned
cardinality estimator. Our estimator specializes in solving frequent data updates
while keeping efficient and accurate cardinality estimations. It enables fast train-
ing by a sampling strategy using data partitioning based on a quad-tree. Our key
observation is that we can accelerate the model updates from two perspectives:
(i) updating only the necessary models and (ii) fast training. (As shown later, a
SAFE consists of multiple light-weighted models.)

As for the first perspective, existing cardinality estimation methods typically
need to update/train their whole structures/models from scratch whenever they
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Table 1: Overview of symbols frequently used in this paper

Symbol Description

P Spatial dataset consisting of N points
R Range query

card(R) ( ̂card(R)) True (estimated) cardinality of R
fx Regression model for the x-dimension
f i
y i-th regression model for the y-dimension

receive an update. To avoid this issue, we employ 2-tier regression models, based
on our insight that each model can be updated independently. In addition, there
are various regression models, and their performances depend on the data distri-
butions. To make an appropriate selection among these models, we design a cost
model that considers accuracy, estimation time, and construction time. This cost
model helps select a model with a balanced trade-off between time and accuracy.

Next, as for fast training, we propose a sampling strategy using data parti-
tioning based on a quad-tree. A smaller sample size alleviates the training time
while learning the data distribution, as samples follow the data distribution.
Thanks to our idea of these two perspectives, SAFE provides stable performance.

(ii) Incremental model update strategy for fast dealing with data up-
dates. To enable fast model updates, we propose an incremental model update
algorithm for SAFE. The SAFE structure can avoid model updates from scratch,
and, for a given update (e.g., point insertion), only several regression models are
affected. The SAFE structure enables to find such models quickly, and only
affected models are updated.

(iii) Experiments. We conduct experiments on both real-world and synthetic
datasets. Our results demonstrate that SAFE outperforms state-of-the-art car-
dinality estimation methods and can efficiently handle dataset updates.

2 Preliminary

Problem Statement. Let P be a dataset ofN two-dimensional (i.e., geospatial)
points, and each point p in P is represented as p = (x, y). Table 1 summarizes
the symbols used throughout this paper.

▷ Query predicate. This paper considers orthogonal range queries. Let R be the
specified range of a given orthogonal range query, and the orthogonal range
reporting query outputs all points in P that overlap R. A range R can be repre-
sented by its left-bottom point l and right-top point u. For conciseness, we use
“range queries” to denote orthogonal range queries. Also, R is used to denote a
range query hereinafter.

▷ Cardinality of a range query R is the number of points in P that overlap
R. We use card(R) to denote the cardinality of R. The notion of selectivity is

represented as card(R)
N .



4 Yuchen Ji et al.

(a) MOSE (b) LHist

Fig. 1: Solutions for approximating data distributions. (a) MOSE approximates
the distribution of multi-dimensional points by using the lattice regression model.
(b) LHist recursively learns the data distribution of each dimension, similar to
an equal-depth histogram.

We address the cardinality estimation problem, which is to infer card(R).

We use ̂card(R) to denote an estimated cardinality of R. Our objective is to

compute ̂card(R) efficiently and accurately. Although there exists an O(
√
N)

time range counting algorithm (i.e., kd-tree [3]), it requires many point accesses
and is slow. We therefore consider a learning-based approach, because it achieves
O(1) time estimation (the estimation time is dependent only on a model). We
assume that the query workload is unknown for generality.

Approximating Data Distribution for Cardinality Estimation.
To estimate the cardinality, data-driven methods approximate the joint multi-

dimensional data distribution. As shown in Fig. 1a, MOSE [16] approximates the
multi-dimensional CDF by the lattice regression model:

̂card(R) = fMOSE(u1, u2)− fMOSE(u1, l2)− fMOSE(l1, u2) + fMOSE(l1, l2),

where fMOSE approximates the joint CDF of the two-dimensions. However, as a
query-driven method, it relies heavily on training queries. This approach cannot
be used for unknown query workloads and dynamic data.

Another way is to approximate the data distribution on each dimension.
LHist [11] partitions the data space into multi-dimensional grid cells and em-
ploys hierarchical regression models, which is shown in Fig. 1b. The estimated
cardinality is computed by:

̂card(R) =
∑
i

f i
LHist(Di),

where f i
LHist(Di) approximates the cardinality of the i-th partition Di. This

recursive way can adapt to frequent updates, because each regression model can
be trained independently. By selecting only the models that need to be updated,
we can avoid training all models from scratch and efficiently keep accurate models
even on dynamic data. However, LHist does not have this idea and support model
updates. SAFE implements this new idea and employs 2-tier regression models
in an update-friendly manner.
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Fig. 2: Comparison of estimation and update times of cardinality estimation
methods on a Gaussian dataset consisting of 20 million points

Update Solutions of Existing Methods. The most straightforward approach
for model updates is to re-train all models. However, it is laborious, especially for
frequent updates. Fig. 2 compares the update and estimation times on a Gaussian
dataset with 20 million two-dimensional points. For LHist and Histogram, they
need to reconstruct all models, so their update times are equal to the construction
times. A state-of-the-art query-driven model, QuickSel [15], builds its models
from scratch based on records of queries and true cardinalities. However, the
update of QuickSel follows the same procedure with its construction, which is
very slow. It can be seen that the existing learning-based methods (i.e., LHist and
QuickSel) incur a long reconstruction time for updates, which is not acceptable
in the dynamic setting.

We overcome this drawback and design our solution, SAFE, that supports
incremental model updates and achieves fast estimations and updates. Fig. 2
depicts that SAFE satisfies fast estimation and update times.

3 SAFE

Main idea. SAFE is a learned cardinality estimator designed for dynamic spa-
tial data. To accurately learn the 2-dimensional CDF, we employ 2-tier regression
models, each of which is a simple (e.g., polynomial) model (see Section 2 for an
intuition of using CDF). The first tier (resp. second tier) corresponds to the
x (resp. y)-dimension1. The idea behind employing simple regression models is
twofold. First, they can be trained quickly, whereas complex regression models
(e.g., deep neural networks) do not have this property. Second, by dividing the
x-dimensional space into disjoint buckets, we can focus on the y-dimensional
CDF on each bucket, and the CDF tends not to have a complex curve. More
precisely, the first tier model is responsible for dividing the data space into dis-
joint subspaces based on x-dimensional values, whereas the second tier models
are responsible for cardinality estimation.

The accuracy of learned cardinality estimator becomes worse on dynamic
data if models are not updated. As we assume frequent updates (e.g., insertions
and deletions), cardinality estimators should be robust against this dynamic

1 The order of the x- and y-dimensions is changeable.
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Fig. 3: Construction of a SAFE. (a) Given a dataset P , (b) we partition P
into disjoint subspaces by using quad-tree-based partitioning. (c) We sample a
random point from each partition, and (d) train 2-tier regression models by using
the samples. The regression model on the x-dimension (the first tier) partitions
P into m buckets based on the x-dimensional values, and a regression model is
created for each bucket (the second tier).

setting. Then, we come up with two ideas: (i) fast training with small samples and
(ii) updating only the necessary models. To implement these ideas, we propose
to use “good” samples for accurately training the regression models, and we
design the structure of SAFE to easily identify which model has to be updated.
With these techniques, we can incrementally update only models that need to
be updated even when we receive dataset updates.

Overview. Fig. 3 shows an overview of SAFE construction. We first obtain
samples by using data partitioning based on a quad-tree. The samples are used
to fast train regression models. We then train 2-tier regression models (the first
tier corresponds to the CDF on the x-dimension while the second tier corresponds
to the CDF on the y-dimension). Note that each cardinality estimation model for
the corresponding subspace does not affect the others, thereby it can be trained
independently. Fig. 3(d) illustrates how (i) the data space is divided into multiple
(three in the figure) buckets based on the x-dimensional values and (ii) a model
in each bucket is trained while considering the y-dimensional CDF. Algorithm 1
describes the pseudo-code of our construction algorithm.

3.1 Sampling by Data Partitioning based on Quad-tree

When a model needs to be updated, fast training is required for dynamic data.
To this end, we consider using samples. That is, we train our regression models
from samples obtained from a given dataset. This is a simple-yet-effective ap-
proach, as this approach makes the training easier and faster. We here note that
straightforward random sampling is not suitable, as it may fail to sample points
in sparse regions, leading to wrong learning.

To avoid this issue, we partition the whole data space into disjoint fine-
grained subspaces so that we can sample a point from each subspace. We achieve
this by using quad-tree-based partitioning. A quad-tree decomposes a given data
space into equal-sized four disjoint subspaces [5]. This is repeated until a given
space has a small number of points. (We set the cell capability of the quad-tree
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Algorithm 1: Construction

Input: P (a spatial dataset) and m (the number of buckets)
Output: fx, f

1
y , ..., f

m
y (regression models)

1 P ′ = {P1, P2, ...} ← Partition-Dataset(P ) // based on a quad-tree

2 S ← Get-Samples(P ′) // sample a random point from each partition

3 Px ← a set of x-dimensional values in S
4 fx ← Train(Px) // learning the CDF curve in x-dimension by least squares

5 B1, B2, ..., Bm ← ∅
6 foreach p ∈ S do
7 Bj ← Bj ∪ {p}, where j = ⌊m

N
fx(xi)⌋

8 foreach i ∈ [1,m] do
9 P i

y ← a set of y-dimensional values in Bi

10 f i
y ← Train(P i

y) // learning the CDF curve in y-dimension by least squares

to 10 in our experiments.) As seen from Figs. 3(b) and (c), this approach does
not fail to sample points from sparse regions. We pick one random sample from
each partition. Note that we do not take samples from empty partitions.

3.2 Regression Models for Cardinality Estimation

Considering data-driven models for cardinality estimation without relying on
queries, existing works employ hierarchical regression models. However, they do
not provide any ideas of how we efficiently update such models or they can-
not avoid re-training all models from scratch [11, 16]. Our structure is designed
based on the idea that each regression model can be independently updatable.
In addition, we design a cost model to select a suitable model for a given dataset
to achieve a good trade-off between accuracy and estimation time.

Layout & Estimation. As shown in Fig. 3(d), we employ 2-tier regression
models. For the x-dimension, we divide the data space into m subspaces called
buckets, based on a regression model that approximates the x-dimensional CDF.
On each bucket, we train a regression model to approximate the y-dimensional
CDF curve of points falling in this bucket. The first tier has a single model fx,
while the second tier has m regression models f1

y , ..., f
m
y .

To estimate the cardinality of a query R, the first tier model is used to find the
buckets overlapping R. Fig. 4 illustrates the estimation flow. Because the model
for the x-dimension, fx, divides the data space into m buckets, the left-most
and right-most buckets overlapping R are respectively computed by ⌊m

N fx(l1)⌋
and ⌊m

N fx(u1)⌋, where l1 and u1 are respectively the left-most and right-most
x-dimensional values of R. Then, we estimate the cardinality by considering a
set B of all overlapping buckets:

̂card(R) = α
∑
i∈B

(f i
y(u2)− f i

y(l2)) (1)
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Fig. 4: Illustration of the two-dimensional layout for regression models. For the
x-dimension, a regression model divides the data space into m buckets according
to the data values of the x-dimension (m = 4 in the figure). Then, regression
models are built on each bucket to approximate the y-dimensional CDF. For a
query R, the regression model for the x-dimension locates the buckets that need

to be accessed. The estimated ̂card(R) is obtained by summing the results from
all the accessed buckets.

Algorithm 2: Estimation

Input: fx, f
1
y , ..., f

m
y (regression models) and R (a range query)

Output: ĉard
1 ĉard← 0, B ← Get-Buckets(fx, R) // get a set of all buckets overlapping R

2 foreach Bi ∈ B do

3 ĉard← ĉard+ (f i
y(u2)− f i

y(l2))

4 ĉard← α× ĉard // α is the average number of points in each partition

Table 2: Types of regression models (θi is a parameter and z = x or z = y)

Name Description

Polynomial f(z) = θ0 + θ1z + ...+ θnz
n

Spline Linear f(z) =

{
θ0 + θ1z (z ≤ θ3)

θ2z + θ1θ3 + θ0 (z > θ3)

Log Linear f(z) = exp(θ0z + θ1)

where l2 and u2 are respectively R’s bottom and top values in the y-dimension,
and α is the average number of points in each partition obtained by the quad-
tree-based partitioning. Recall that our regression models are trained on sample
points (i.e., a small subset of P ). Therefore, the cardinality estimated by fy
needs to be scaled up, and α is used to achieve this.

For computing ̂card(R), we access at most 1 +m = O(1) regression models,
and each model needs O(1) time, see Table 2. Therefore, Equation (1) needs
O(1) time. A pseudo-code of our estimation algorithm appears in Algorithm 2.

Selection of Regression Models. Regression models are responsible for ap-
proximating one-dimensional CDFs. Considering the variety of real data distri-
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bution, it is better to consider which model we should select. However, automat-
ically selecting it is challenging.

To address this task, we propose a strategy to select the most suitable type
of regression model based on the following three parts. (Table 2 lists the repre-
sentative types of regression models, which are candidates for SAFE.)

– Estimation error. It is not practical to obtain estimation errors during
construction. Instead, we measure the least square training error of a given
regression model, because it represents how the model approximates the data
distribution.

– Estimation time. Fast estimations highly rely on regression models with
low computation time. Considering the types of candidates, it is easy to get
an expected estimation time by feeding in default values during construction.

– Training time. The dynamic setting asks for frequent and efficient model
updates, so the training time is also important. Measuring the training time
of a given model is trivial.

Then, we measure the cost for a given regression model f as follows:

Cost(P, f) = Etrain + Test + Ttrain, (2)

where Etrain, Test, and Ttrain represent the estimation error, estimation time,
and training time, respectively. We collect Etrain, Test, and Ttrain of all candi-
dates, and each of them is normalized to [0, 1] (so Cost(P, f) ∈ [0, 3])2. Based
on the costs, we use the model with the lowest cost. This cost model evaluation
is done for each dimension.

Training of Regression Models. For a given regression model, we use the
least square method to obtain its parameters. We introduce the training of poly-
nomial models. (The training for spline linear and log linear models is essentially
similar to the training for a linear regression model, which is trivial.)

Assume that we have a training dataset containing pairs of (pi, ri), where
ri is the rank of pi in the dataset determined by the sorted order of a given
dimension (x or y). For a polynomial model f(z) = θ0 + θ1z + ...+ θnz

n, where
z is the x- or y-dimensional value of a given point, the residual sum of squares is

RSS =

N ′∑
i=1

(f(zi)− ri)
2, (3)

where N ′ ≤ N is the number of input points. RSS can be written in a matrix
format [10]:

RSS = (Zvθ −Qγ)
T (Zvθ −Qγ), (4)

where

Zv =


1 z1 z21 · · · zn1
1 z2 z22 · · · zn2
...

...
...

. . .
...

1 zN ′ z2N ′ · · · znN ′

 , θ =


θ0
θ1
...
θn

 , Qγ =


r1
r2
...

rN ′

 . (5)

2 It is also possible to use weights {w1, w2, w3} for the criteria.
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Fig. 5: The workflow of model update. The red token represents a point deletion.

Here Zv is the Vandermonde matrix. The optimal θ = {θ0, θ1, ..., θn} should
minimize RSS. Hence, we can calculate θ by:

θ = (ZT
v Zv)

−1ZT
v Qγ . (6)

Recall that our flow of training each model (training fx then f i
y) is described in

Algorithm 1.

3.3 Model Update

We consider point insertions, deletions, and replacements as updates. Fig. 5
illustrates the flow of our model update when a deletion is given.

Given an update, we first check whether we need to update the quad-tree-
based partitions, which is shown in Fig. 5(b). When necessary, the samples also
need to be updated. (If not, we update α in Equation (1), and the update is over.)
Specifically, we need to update the samples from the corresponding partitions in
the following three cases:

– A partition is split (mainly due to an insertion).
– A partition is merged (mainly due to a deletion).
– The current sample is removed (due to a deletion or replacement).

In these cases, we create update records. Specifically, we create ⟨s, ins⟩ for an
insertion and ⟨s, del⟩ for a deletion, where s is the original sample of the par-
tition that needs to be updated. Also, each of new partitions picks a random
sample. These new samples are assigned to the corresponding buckets. Notice
that replacements are regarded as deletion-then-insertion.

As each sample s is associated with a unique bucket, we can identify the
bucket to which s belongs by using a hash table, i.e., by using s as a key. From
this approach and update records, we can identify the models that need to be
updated, as each model is trained on the samples in the bucket. We update the
corresponding regression models by using the training method (in Section 3.2).

We note that, given an update, a quad-tree partition rarely changes, so we
rarely update the models. Even if some partitions are updated, we need to update
only a small number of models, as such updated partitions exist locally. This
mechanism helps minimize the time for updating the SAFE structure, which is
empirically confirmed in Section 4.3.
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4 Experiments

This section reports our experimental results. We conducted experiments on
a server running Ubuntu 18.04 LTS and equipped with an Intel Xeon Gold
6254@3.10GHz CPU and 768GB RAM. All methods were single-thread and im-
plemented in C++.

4.1 Setup

Datasets.We used three real-world datasets (Colorado, Paris, and Shikoku) and
one synthetic dataset (Gaussian) Colorado, Paris, Shikoku, and Gaussian have
35, 27.5, 9, and 20 million points, respectively. The three real-world datasets con-
tain pairs of latitudes and longitudes extracted from OpenStreetMap (OSM)3.
Gaussian was generated by using a Gaussian distribution with a mean of 100
and a variance of 500 for each dimension.

Cardinality estimation methods. Our experiments compared SAFE with
the following cardinality estimation methods.

– LHist [11]: is the state-of-the-art cardinality estimation method for spatial
data. As recommended in [11], we set the degree of polynomial models to 6.

– QuickSel [15]: is a state-of-the-art supervised (query-driven) carnality esti-
mation method. It continuously learns from incoming queries to update its
Gaussian mixture models. To make it comparable to the above methods, we
prepared 1,000 queries as the training set for initializing QuickSel.

Evaluation criteria. To measure the accuracy of each method, we used q-error:

q-error =
max

(
̂card(R), card(R)

)
min

(
̂card(R), card(R)

) . (7)

It represents the factor between the estimated and the true cardinality, and it is
the most widely used metric for the cardinality estimation problems [9, 20]. For

the estimation time, we report the average time to compute ̂card(R).

4.2 Result: Static Data Case

For each dataset, we prepared three groups of queries. Each group contains
1,000 randomly generated range queries with a mix of selectivity of about 0.1
and 0.01. The three groups are regarded as disjoint clusters, i.e., queries in the
same group (in different groups) have similar (totally different) query regions.
In our preliminary experiment, we found that R-tree runs range counting with
a selectivity of 0.01 in less than 10 milliseconds in average. Then, to ensure the
effectiveness of estimations, we controlled the estimation time of all the evaluated
methods to around 100 microseconds in the following experiments by default.

3 http://download.geofabrik.de/
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Fig. 6: Construction time evaluation on different datasets

Fig. 7: Accuracy evaluation on different datasets

Therefore, m in SAFE was tuned accordingly. Note that this section evaluates
the cardinality estimation models in the case where no updates occur.

Construction time. Fig. 6 shows the construction time of each method (best
viewed in color). The construction of SAFE can be divided into three parts:
data partitioning based on a quad-tree, sampling, and the training of regression
models. If we assume that the quad-tree is built in advance (for efficiently running
range queries), we can ignore the quad-tree construction time. Then, under this
assumption, its construction time can be the fastest.

Accuracy. Fig. 7 shows the 50th and 95th q-errors of each method. SAFE
and LHist show similar q-errors (but SAFE is usually better). QuickSel usually
shows the lowest 95th q-error among the three methods. Nevertheless, (i) all
three methods show similar 50th q-errors and (ii) they are close to 1 (nearly no
error). We therefore see that SAFE can (often) yield an accurate cardinality for
a given range query without any query workloads.

Accuracy vs. estimation time. We next investigate the trade-off relationship
between accuracy and estimation time, and the result is depicted in Fig. 8.
We see that QuickSel has the worst trade-off, whereas SAFE does the best. If
applications require faster estimation time, the accuracy of QuickSel degrades
quickly. On the other hand, SAFE does not lose its accuracy so much even when
a faster estimation time (e.g., less than 10 microseconds) is required. This is a
great advantage of SAFE.

4.3 Result: Dynamic Data Case

We turn our attention to the dynamic data case. This section evaluates accuracy
and update time. We here note that estimation time does not change even when
we update the models. As competitors, we used QuickSel and SAFE without
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Fig. 8: Comparison evaluation on estimation time versus accuracy (50th q-error)

Fig. 9: Continuous update evaluation

Table 3: Average update time of SAFE per an update (microsec)

Dataset Colorado Paris Shikoku Gaussian

Update time 9.9 19.8 6.2 14.1

update4. This strategy, denoted by Scaling, scales the estimation results of the
non-updated model by using the original and updated dataset sizes.

We sequentially updated the datasets by using one million insertions, one mil-
lion deletions, and one million replacements. The insertions followed a Gaussian
distribution within the corresponding data space, and the deletions are randomly
selected from the original datasets. Each replacement replaced a randomly se-
lected original point with a synthetic point following Gaussian distribution (i.e.,
the data distribution gradually changed). We used 300 queries with selectivity of
0.1 and 0.01 for the evaluation. We test for every 100 data updates. Fig. 9 shows
the continuous update results on different datasets. SAFE keeps high accuracy
as its 50th q-error keeps being almost 1.0 and the 95th q-error is also generally
low. On the other hand, Scaling and QuickSel cannot keep accurate estimation.
Their q-errors always become larger as receiving more updates.

We next investigated the update time of SAFE per an update, which is shown
in Table 3. We see that the update time is around 10 microseconds and quite
fast. This is a desirable result for frequent data updates. Given the experimental

4 Recall Section 2, and, to update QuickSel’s model for the up-to-date dataset, we
need to compute the results of all existing queries, which requires more than a few
seconds even for hundreds of queries. This is too slow for dynamic data, thereby
we followed the original strategy of QuickSel (i.e., its model was not updated). In
addition, LHist does not support data updates and needs reconstruction (incurring
at least a few seconds for each update), thus we did not use it as a competitor.
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results in Sections 4.2 and 4.3, it is clear that SAFE is better than the state-
of-the-art cardinality estimation methods, since SAFE is better at estimation-
accuracy trade-off and updatability than them.

5 Related Work

Data-driven cardinality estimation.Data-driven cardinality estimators learn
the data distribution from a given dataset directly. (SAFE belongs to this cat-
egory.) Latest learning-based methods tend to consider this task as an unsu-
pervised problem. The Sum-Product network [8] recursively assigns points into
clusters. It uses a probabilistic graphic model to approximate the joint data dis-
tribution. Autoregressive models [7, 21] use a neural network to approximate the
joint distribution in a conditional way and estimate the cardinality without any
independent assumptions. As mentioned earlier, neural network-based structures
cannot be trained fast thus are not suitable for dynamic data.

Query-driven cardinality estimation.Many SOTA cardinality methods tend
to employ this query-driven style [6], because deep learning models well suit this
style. They can capture complex queries such as joins across multiple tables.
QuickSel [15] is the most representative among non-deep learning technologies.
However, its supervised nature, which requires queries to learn the queried data
distribution, limits applications. Query-driven methods need query samples, and
they are sensitive to query workload shifts. While QuickSel can adapt to such
changes, the update cost is high, as mentioned in Section 4.

Learned spatial indices. Learned indices provide a new way to construct spa-
tial indices [19]. Waffle [13] is introduced to handle highly dynamic datasets. It
provides a novel bulk loading method to optimize the utilization of disk pages
(which is a different assumption from ours). It can automatically optimize the
index by managing the trade-off between the query and update speed. Waffle
requires a query workload in advance, so its idea cannot be used in our setting.

6 Conclusion

We proposed SAFE for cardinality estimation on dynamic spatial data. SAFE
employs (i) sampling-based learning for fast training, (ii) 2-tier regression models
to enable fast and accurate estimation while having an efficient update ability,
and (iii) an incremental model update strategy. Combining these three mech-
anisms achieved low latency and accurate estimation while being robust to
data updates. Our experimental results demonstrate that SAFE outperforms
the state-of-the-art estimators while supporting efficient model updates.
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