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ABSTRACT
Estimating the number of distinct values in an attribute or a set of

attributes is one of the classical and open problems of cost-based

query optimizers (CBOs). Such estimations can be very difficult to

make in the presence of query selection predicates without examin-

ing the complete dataset. It becomes even harder for a multi-dataset

(i.e., join) query with selection predicates.

Recent advances in CBOs have introduced sample-based ap-

proaches, whichmaintain stored samples on the underlying datasets

to improve the accuracy of cardinality and selectivity estimation

during query compilation. Leveraging these stored samples, this pa-

per addresses the important yet challenging problem of estimating

the number of distinct values in an attribute or a set of attributes

in a multi-dataset query. We refer to our proposed sample-based

approach as the MAMD (Multi-Attribute, Multi-Dataset) approach.

The MAMD approach works for join queries with or without selec-

tion predicates and is also effective for estimating the number of

distinct values in single-dataset queries. We present an experimen-

tal evaluation of the proposed MAMD approach with synthetic and

real-world datasets, namely the TPC-H and the IMDB benchmark

datasets.We demonstrate how it can estimate the number of distinct

values with moderately low relative errors and with low storage

overhead and execution time. We also investigate how the MAMD

approach performs when we scale up the size of the database.
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1 INTRODUCTION
Query optimizers are an important component of database systems.

A cost-based optimizer (CBO) is a part of most current database

management systems [1–3]. Unlike rule-based optimizers, CBO uses

metadata and data statistics, such as data distribution, dataset sizes,

index information, etc., to evaluate multiple query execution plans

and determine the plan with the lowest estimated cost. In doing so,

CBO considers different join orders and chooses the optimal join

order based on its cost estimation.
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CBO relies on efficient cardinality estimation, traditionally using

histogram-based statistics. While such statistics offer reasonable ac-

curacy for range and point queries over numeric attributes, they fall

short when dealing with composite keys, non-numeric attributes,

and queries involving complex predicates such as LIKE, spatial

operations, or user-defined functions (UDFs). To address these chal-

lenges, modern data-intensive systems [1, 28] have recently adopted

sample-based approaches in their cost-based optimizers (CBOs), par-

ticularly for selectivity and cardinality estimation. These CBOs

maintain stored samples on the underlying datasets and query them

to derive the estimates at compilation time.

To leverage the more informative stored samples maintained by

CBO, in this paper, we focus on one of the classical problems in

cardinality estimation: distinct cardinality estimation, i.e., estimating

the number of distinct values in an attribute or a set of attributes.

This is important for determining the expected result size of a

GROUP BY or a DISTINCT operator. Distinct cardinality estimation

has also been used for fast approximate query answering [15] and

online aggregation [21].

Traditionally, cardinality estimation deals with estimating the

number of tuples that satisfy selection predicates over a single

dataset, or join predicates among multiple datasets. In contrast,

estimating the number of distinct values in a set of attributes

is inherently difficult without exploring the full dataset. It can be

even more difficult in the presence of selection predicates. For

example, in the following query, the number of distinct values in

the combination of (T.a1, T.a2) depends on how many tuples

satisfy the selection predicate on attribute T.a4:

SELECT T.a1, T.a2, avg(T.a3)
FROM T WHERE T.a4 = c
GROUP BY T.a1, T.a2;

A good distinct cardinality estimation for such a querywould enable

CBO to choose a cost-effective algorithm between hash-based and

sort-based options to implement the GROUP BY operator.

Estimating the number of distinct values for a single attribute in
a dataset has been well-addressed in the database literature. These

distinct estimators are either adopted from the statistics literature

to database settings [23, 24, 33] or proposed directly for database

frameworks [7, 17]. Several research studies [14, 42] have focused

on estimating the number of distinct values for a set of attributes in
a dataset. Among existing works, sample-based approaches are

widely adopted since they can handle arbitrary selection predicates.

To the best of our knowledge, there is no previous work on esti-

mating the number of distinct values in multi-dataset queries (i.e.,
join queries). This problem is challenging since examining the full

result of a join query is not feasible in practice at optimization time.

Even generating a random sample of the results of a single join,

known as “join sampling”, is inherently difficult, since the sampling
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operator cannot be pushed through a join [8]. Prior related research

demonstrates the challenges of “join sampling” for joins over mul-

tiple datasets, even with a fixed join order in a join tree [10, 43].

Though “join sampling” could capture the attribute-level correla-

tions for a specific multi-dataset query with a given join order and

attribute combinations, generating and analyzing such samples at

query optimization time is not feasible for CBO, which must handle

a wide range of queries. Moreover, CBO faces further challenges:

(i) it needs to consider join sampling for all possible join orders

examined, and (ii) selection predicates in such join queries make

distinct cardinality estimation even more difficult.

In this paper, we focus on the distinct cardinality estimation

problem and propose a sample-based approach for estimating the

number of distinct values in a set (combination) of attributes in
multi-dataset queries. We also address the estimation problem even

in the presence of selection predicates ranging across multiple at-

tributes. The proposed approach examines stored samples of each of

the query’s individual datasets, i.e., it differs from “join sampling”.

Since join-level samples depend on query-specific join graphs and

predicates, CBO cannot materialize join samples during optimiza-

tion and our approach leverages stored samples (pre-collected by

the system before optimization). As a result, our approach requires

low storage overhead and scales with increasingly large datasets.

One important application of distinct cardinality estimation is to

make a better choice between hash-based and sort-based GROUP BY

algorithms, which helps avoid slow query plans. Both algorithms

are relatively tolerant of moderate errors in distinct cardinality

estimation, as CBO needs to decide whether the estimated distinct

cardinality is small enough (e.g., can be fit in memory) to consider

the hash-based (or large enough to favor the sort-based) algorithm.

For example, let the actual number of distinct values in T.a be 60k,

the available memory for grouping be 180 MB, and the hash table

entry size be 2000 bytes. If the estimated number of distinct values

is 65k, the estimated hash table size is 130 MB, so CBO chooses the

hash-based algorithm. On the other hand, if the estimate is 100k, the

estimated hash table size becomes 200 MB, exceeding the memory

budget, and CBO switches to the sort-based algorithm. Since sorting

100k rows is significantly slower than hashing 60-65k groups, this

choice affects the query plan’s performance. Furthermore, it has

been shown [7] that no cardinality estimator can guarantee small

error (or, high accuracy) across all attribute-value distributions

unless it examines a large fraction of the datasets. Therefore, in

this paper, we focus on reducing the relative error in the estimated

number of distinct values in a set of attributes in join queries instead

of aiming to deliver accuracy guarantees.

To evaluate the effectiveness of our proposed sample-based ap-

proach, we use Apache AsterixDB as our implementation platform,

which already supports basic sample-based cardinality estimation.

It maintains a fixed-size random sample for each dataset and ex-

amines these samples during query compilation. We leverage this

existing infrastructure and integrate our solution naturally into the

query optimization workflow of AsterixDB.

The remainder of the paper is organized as follows: Section 2 dis-

cusses relatedwork on cardinality estimation and how our approach

differs from previous research. We outline some preliminaries in

Section 3 and provide an overview of the proposed sample-based

approach in Section 4. Section 5 describes how the stored samples

are used to estimate the distinct cardinality in a set of attributes in
multi-dataset queries. Experimental results and their analysis are

presented in Section 6. Finally, Section 7 concludes the paper and

discusses some directions for future research.

2 RELATEDWORK
Cardinality estimation is a fundamental part of query optimization

in modern database systems. Estimating the selectivity of predi-

cates has been extensively studied in the literature [16, 18, 25, 28].

A thorough survey on cardinality estimation methods and their

application in query optimization appears in [9].

Traditionally, database systems collect and store metadata and

the underlying data statistics. Several approaches (e.g., sampling-

based, learning-based, synopsis-based, etc.) have been proposed to

examine each of a query’s datasets along with the stored statistics

and derive cardinality estimates. While sampling-based approaches

are widely adopted in existing research [7, 17, 18, 38] for estima-

tion problems, modern systems [1, 4, 28] increasingly focus on

stored samples, as querying stored samples can handle more com-

plex predicates (e.g., LIKE predicates) than range predicates. Addi-

tionally, because the stored samples are fixed in size, acquired in

advance, and accessed at compile time, they can handle increasingly

large datasets. Though learning-based approaches [12, 20, 26, 29–

31, 36, 40, 41] have recently been considered for capturing the

data distribution, a recent study [39] discussed how learning-based

methods could be affected by fast data updates and changes in corre-

lation, skewness, or domain size. Additionally, they can suffer from

high training and inference costs, especially in Big Data analytics

systems. In practice, learning-based methods require access to user

data and historical query workloads for training, which commer-

cial DBMSs cannot collect or store due to privacy and operational

constraints. Synopsis-based research [9] has mainly focused on

histogram-based [35, 42] and sketch-based [13, 14, 22] approaches.

For arbitrary combinations of attributes, these approaches require

maintaining multi-dimensional histograms and multiple sketches.

However, it is not feasible to maintain a potentially exponential

number of histograms and sketches without prior knowledge of

combinations of attributes; at the same time, it is also expensive

to maintain such synopses in the event of updates and deletions.

Since sampling-based approaches can handle arbitrary attributes

and predicates without expensive full scans and update operations,

they remain the popular choice among researchers for estimating

the number of distinct values in an attribute or a set of attributes.

With respect to distinct cardinality estimation, previous research

has addressed the problem within a single dataset. Estimating the

number of distinct values for a single attribute in a single dataset is
well-studied in the statistics literature (a detailed survey appears

in [6]) and in the database literature [17, 19, 23, 24, 33]. Several sam-

pling techniques to estimate the distinct cardinality in a dataset are

proposed in [4, 32]. Haas et al. [17] presented an extensive study on

existing distinct estimators and proposed several sampling-based

estimators for an attribute in a dataset, one of which is a hybrid

estimator. The hybrid estimator uses a smoothed jackknife esti-

mator for uniform to moderately skewed data and the Shlosser

estimator [38] to characterize the degree of data skew. Charikar et
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al. [7] established a powerful negative result revealing the inher-

ent difficulty of distinct estimators and subsequently, proposed a

sampling-based heuristic estimator for a single attribute that adapts

to the input data distribution obtained through random samples.

Though their proposed heuristic estimator performs better with

low-skew data, it cannot give strong guarantees on distribution-

independent worst-case error.

There is also research [14, 42] on estimating the number of dis-

tinct values in a set (combination) of attributes in a single dataset.
Yu et al. [42] proposed a distinct cardinality estimator for a set of

attributes that employs existing knowledge about the underlying

data maintained in the database catalog. First, they discussed a sce-

nario where exact frequency information is available in the catalog

and can be used as probabilities to estimate the number of distinct

value combinations. However, exact frequency information for all

possible attributes cannot be maintained in practical cases. Then,

they devised histogram-based estimators to provide approximate

estimates where partial information is available. In recent work,

Freitag and Neumann [14] proposed an estimation framework that

combines sketches and samples to estimate the number of arbitrary

attribute combinations in a dataset with high accuracy. It maintains

sketched information over individual attributes and uses random

sampling to capture the correlation bias between attributes.

We are aware of no existing work that addresses the important

and challenging problem of estimating the number of distinct val-

ues in a set of attributes in multi-dataset queries (i.e., join queries).

In modern large-scale database systems, collecting histograms or

sketches for all possible attributes in all datasets distributed over

multiple partitions and consistently maintaining them in the sys-

tem catalog is not feasible. Also, capturing the correlation among

attributes across multiple datasets is nearly impossible if the at-

tributes are not primary or foreign keys. This leads us to propose a

sample-based distinct cardinality estimation approach, namely the

MAMD (Multi-Attribute, Multi-Dataset) approach, that maintains

small independent fractions of all datasets, i.e., sample datasets, and
utilizes the actual frequency information in the sample datasets to

estimate distinct cardinalities during query optimization.

3 PRELIMINARIES
In this section, we outline some preliminaries used in the proposed

sample-based distinct cardinality estimation approach.

3.1 Sampling Method and Cardinality
To generate a sample dataset, we consider the widely used simple
random sampling without replacement approach [27]. Here, each

tuple from the full dataset is selected with equal probability and each
successive tuple is chosen uniformly at random from the remaining

unselected tuples, ensuring that all possible samples of the specified

size are equally likely.

Selection Cardinality Estimation. Sample-based selection

cardinality estimation approximates the number of tuples satisfying

selection predicates by examining stored sample datasets. In sys-

tems like Apache AsterixDB, users can run ANALYZE statements to

refresh the sample, during which the base dataset is analyzed, and

randomly selected tuples are stored as its sample dataset. At query

compilation time, the cost-based optimizer (CBO) splits a multi-

dataset query into single-dataset queries, with associated selection

predicates, to run against the samples and estimates the selectivities.

This allows CBO to handle a wide range of predicates, from simple

constants to more complex ones, such as LIKE predicates, func-

tions, or nested fields. Figure 1 illustrates how AsterixDB’s CBO

will query the sample datasets 𝑐𝑠 and 𝑜𝑠 of the Customer and

Orders datasets from TPC-H, respectively, during compilation.

Figure 1: Cost-based optimization using samples.

Join Cardinality Estimation. We follow the usual textbook

formula [37] to estimate the join cardinality. Let 𝐿 and 𝑅 be the two

datasets participating in a join with the join predicate 𝐿.𝑎 = 𝑅.𝑏,

where |𝐿 | and |𝑅 | are the cardinalities of the respective datasets.
If there are no selection predicates, and |𝐿.𝑎 | and |𝑅.𝑏 | are the

number of distinct values in the corresponding attributes, then the

estimated result size of the join, |𝐿 ⊲⊳ 𝑅 | = |𝐿 | |𝑅 |
max( |𝐿.𝑎 |, |𝑅.𝑏 | ) and the

join selectivity, 𝑠𝑒𝑙 (|𝐿 ⊲⊳ 𝑅 |) = 1

max( |𝐿.𝑎 |, |𝑅.𝑏 | ) .

Let 𝑝 be the selection predicates on the join, and |𝐿 |𝑒𝑠𝑡𝑝 and |𝑅 |𝑒𝑠𝑡𝑝

be the corresponding selected dataset cardinality estimated from

examining the sample datasets. Now, considering the selection

predicates 𝑝 , the estimated cardinality of the join 𝑁 𝑒𝑠𝑡
⊲⊳ becomes,

𝑁 𝑒𝑠𝑡
⊲⊳ = 𝑠𝑒𝑙 ( |𝐿 ⊲⊳ 𝑅 |) × |𝐿 |𝑒𝑠𝑡𝑝 × |𝑅 |𝑒𝑠𝑡𝑝 .

Can we estimate the distinct cardinality easily? Consider

estimating the number of distinct values in an attribute 𝑇 .𝑎 of a

dataset 𝑇 . Let |𝑇 | be the dataset size, |𝑇𝑆 | be the size of the sample

dataset, and 𝑑 be the number of distinct 𝑇 .𝑎 values in the sample

dataset 𝑇𝑆 . As a first attempt, one may be tempted to estimate

the number of distinct 𝑇 .𝑎 values in 𝑇 using a scale-up factor:

𝑑
|𝑇𝑆 | × |𝑇 |. This scale-up factor will work if 𝑇 .𝑎 is an attribute like

name or email_address and approximately scales with the

primary key of 𝑇 . However, if 𝑇 .𝑎 is an attribute like gender,
rank, or zip_code with a precise (limited) number of distinct

values in 𝑇 , the scale-up factor can cause the estimated value to be

either too high or too low.

This example shows the need to consider an estimator that can

observe the stored sample (i.e., the sampled tuples) and using the

distinct value data distribution in the sample dataset, estimate the

distinct cardinality in the full dataset.

3.2 Method-of-Moments Estimator
A simple estimator, adopted from the statistical literature [5] and

known as theMethod-of-Moments (MM) estimator [17], can address

the above issue. It takes as inputs a sample size 𝑛 and the number

of distinct values 𝑑 in an attribute observed from the sample, and

computes the estimated number of distinct values 𝐷 in the original

dataset. In particular, 𝐷 is the solution of the following equation:

𝑑 = 𝐷 (1 − 𝑒−𝑛/𝐷 ) (1)
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Equation (1) can be solved numerically using the Newton-Raphson

method, and the final value of 𝐷 is returned as the number of

distinct values in the attribute.

This estimator assumes that the sample dataset is taken from

an infinite population and the frequencies of the distinct values

are all equal, which is equivalent to the sampling with replacement
approach. This differs from our sampling without replacement
approach. Nevertheless, equation (1) depends only on the sample

size and the number of distinct values in the sample, allowing us to

consider it as a base estimator and adapt it to our setting.

Note that the MM estimator cares only about the distinct values

observed in a sample taken from a set of tuples (independent of

whether these values come from a single attribute or a combination

of attributes). As a result, we can adapt this estimator for a set
of attributes in a single dataset, since the combined value from

a set of attributes can be collectively viewed as a single value.

Consider a dataset 𝑇 , its sample dataset 𝑇𝑆 , and a set of attributes

𝑇 .a = (𝑎1, 𝑎2, . . . , 𝑎𝑖 ). Note that a given query can have selection

predicates on any attributes in𝑇 . Given a query, if 𝑝 denotes all the

query’s selection predicates on𝑇 , let 𝑛𝑝 be the number of tuples𝑇𝑆𝑝
from the sample dataset 𝑇𝑆 that satisfy the selection predicates 𝑝

(i.e., 𝑛𝑝 = |𝑇𝑆𝑝 |). Similarly, let 𝑑𝑝 be the number of distinct values in

the𝑇 .a set of attributes from𝑇𝑆𝑝 , and let 𝐷
𝑒𝑠𝑡

denote the estimated

number of distinct value combinations of 𝑇 .a (satisfying 𝑝) within
𝑇 . Then we can rewrite the above equation as follows:

𝑑𝑝 = 𝐷𝑒𝑠𝑡 (1 − 𝑒−𝑛𝑝 /𝐷𝑒𝑠𝑡 ) (2)

To solve for 𝐷𝑒𝑠𝑡
in equation (2) numerically using the Newton-

Raphson method, we start with 𝑑𝑝 as the initial guess of 𝐷𝑒𝑠𝑡
(since

𝑑𝑝 is the minimum number of distinct values), calculate the next

guess of 𝐷𝑒𝑠𝑡
using equation (2) and its derivative, and continue

approximating the improved guess of 𝐷𝑒𝑠𝑡
iteratively until it con-

verges to a sufficiently precise value. Clearly, we can also use equa-

tion (2) for estimating the number of distinct values in a single
attribute in a single-dataset query with selection predicates.

4 SAMPLE-BASED APPROACH
We first present an overview of the proposed approach and then

introduce compile-time sampling queries to examine the sample of

each dataset in a given query in Section 4.2.

4.1 Approach Overview
This section summarizes the proposed sample-based distinct cardi-

nality estimation approach for estimating the number of distinct

values in an attribute or a set of attributes. We consider two different

kinds of queries:

Single-dataset query: Given a dataset 𝑇 , estimate 𝐷𝑒𝑠𝑡
, i.e.,

the number of distinct value combinations in a set of at-

tributes 𝑇 .a = (𝑎1, 𝑎2, . . . , 𝑎𝑖 ).
Multi-dataset query: Given𝑚 datasets 𝑇1,𝑇2, . . . ,𝑇𝑚, esti-

mate 𝐷𝑒𝑠𝑡
, i.e., the number of distinct value combinations

in a set of attributes across multiple joined datasets. Let

𝑇 1 and 𝑇 2 be two datasets in a simple multi-dataset query,

then (𝑇 1.a,𝑇 2.b) = (𝑎1, . . . , 𝑎𝑖 , 𝑏1, . . . , 𝑏 𝑗 ) represents the set
of attributes, where 𝑎𝑖 ∈ 𝑇 1 and 𝑏 𝑗 ∈ 𝑇 2 for 𝑖, 𝑗 = 1, 2, . . . .

Note that both single-dataset and multi-dataset (i.e., join) queries
can have selection predicates, and each join query will also have

join predicates. For simplicity, we only consider equi-join queries.

In the proposed sample-based approach, we collect and store

sample datasets for all datasets before executing any queries, irre-

spective of query predicates and distinct attribute combinations.

This step is (periodically) performed by the system users (e.g., via

an ANALYZE statement run by a DBA).

Given a single-dataset query, we examine its sample dataset by
executing sampling queries during compilation time (see Sec-

tion 4.2), collect 𝑛𝑝 and 𝑑𝑝 values, feed them to equation (2), and

estimate the number of distinct values 𝐷𝑒𝑠𝑡
in a set of attributes.

Given a multi-dataset query, we first parse the given query into

multiple single-dataset queries that include the corresponding selec-

tion predicates and GROUP BY clauses, and then generate sampling

queries for each single-dataset query by replacing the dataset name

with the corresponding sample dataset name. After executing all

sampling queries, we have the corresponding 𝑛𝑝 and 𝑑𝑝 values for

each of the query’s datasets. Finally, we estimate 𝐷𝑒𝑠𝑡
in a set of

attributes in the given multi-dataset query based on the proposed

MAMD approach (see Section 5).

4.2 Compile-Time Sampling Queries
Given a query, we execute compile-time selection queries to collect

the𝑛𝑝 and𝑑𝑝 values from each sample dataset.We refer to each such

compile-time selection query as a sampling query. Each sampling

query will include the corresponding selection predicates. Consider

the following query example on dataset 𝑇 :

SELECT T.a1, T.a2, avg(T.a3)
FROM T WHERE T.a4 = c
GROUP BY T.a1, T.a2;

For this query, we will execute the following sampling query on

the corresponding sample dataset 𝑇𝑆 .

SELECT T𝑆.a1, T𝑆.a2, count(*)
FROM T𝑆 WHERE T𝑆.a4 = c
GROUP BY T𝑆.a1, T𝑆.a2;

Here, the sampling query includes the GROUP BY clause of the

given query and returns the cardinality of each distinct value com-

bination in (T𝑆.a1, T𝑆.a2) from 𝑇𝑆 that satisfies the selection

predicate T𝑆.a4 = c. Assume that the sampling query returns

(𝑣1, 4), (𝑣2, 1), (𝑣3, 4), and (𝑣4, 3), where, 𝑣1, 𝑣2, 𝑣3, 𝑣4 are the dis-

tinct value combinations in (T𝑆.a1, T𝑆.a2), with their respec-

tive cardinalities. Since each of 𝑣1 and 𝑣3 appears four times in 𝑇𝑆 ,

we can transform (𝑣1, 4) and (𝑣3, 4) to a count-occurrence pair (2, 4).
Similarly, we get (1, 1) from (𝑣2, 1) and (1, 3) from (𝑣4, 3). Thus, we
transform the cardinalities into a vector of count-occurrence pairs:

[(2, 4), (1, 1), (1, 3)].
Let 𝑂𝑇𝑆 = [(𝛿𝑡1 , 𝑜𝑡1 ), . . . , (𝛿𝑡𝑘 , 𝑜𝑡𝑘 )] be the count-occurrence vec-

tor of 𝑘 pairs collected from 𝑇𝑆 , where each 𝑘 th pair (𝛿𝑡𝑘 , 𝑜𝑡𝑘 ) rep-
resents the fact that each of the 𝛿𝑡𝑘 distinct value combinations

appears 𝑜𝑡𝑘 times in the sample dataset 𝑇𝑆 . Given 𝑂𝑇𝑆 , we can de-

rive 𝑑𝑝 =
∑︁
∀𝑘 𝛿𝑡𝑘 and 𝑛𝑝 =

∑︁
∀𝑘 (𝛿𝑡𝑘 × 𝑜𝑡𝑘 ). We will employ the

count-occurrence vector 𝑂𝑇𝑆 in the proposed MAMD approach (see

Sections 5.3 and 5.4).

When considering a multi-dataset query, there is a special case
in which there are no attributes from one of the datasets in the
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GROUP BY clause of a multi-dataset query. Consider the following

multi-dataset query:

SELECT T.a1, T.a2, avg(T.a3)
FROM T JOIN R ON T.a5 = R.b1
WHERE T.a4 = c AND R.b2 = e
GROUP BY T.a1, T.a2;

For this query, the sampling query on the dataset 𝑇 remains the

same as discussed before. However, since there are no attributes

from the dataset 𝑅 in the GROUP BY clause, we execute a modified

sampling query on the corresponding sample dataset 𝑅𝑆 as follows

(i.e., without the GROUP BY clause):

SELECT count(*) FROM R𝑆
WHERE R𝑆.b2 = e;

This sampling query returns 𝑛𝑝 , the number of the tuples in the

sample dataset of 𝑅 that satisfy the predicate (R𝑆.b2 = e), which
is eventually used during the join cardinality estimation for the

given multi-dataset query, as discussed in Section 3.1.

5 DISTINCT CARDINALITY ESTIMATION
We now present the details for estimating the number of distinct

values in a set of attributes in a multi-dataset (i.e., join) query.

Evaluation Metric: To evaluate the effectiveness of the pro-

posed estimation approach, we will compute the relative error be-

tween the estimated distinct cardinality 𝐷𝑒𝑠𝑡
and the actual distinct

cardinality 𝐷𝑎𝑐𝑡
, satisfying the selection predicates 𝑝 . Considering

the full cardinality 𝑁𝑎𝑐𝑡
(i.e., excluding 𝑝), the relative error can be

expected as:

𝑅𝐸 (%) = |𝐷
𝑎𝑐𝑡 − 𝐷𝑒𝑠𝑡 |
𝑁𝑎𝑐𝑡

× 100

where,𝑁𝑎𝑐𝑡
is the actual full join cardinality in amulti-dataset query

or the actual dataset size in a single-dataset query. However, note
that 𝑁𝑎𝑐𝑡

can be very large, depending on the number of datasets

and the cardinality of each dataset participating in a multi-dataset

query. It can be even larger and unpredictable if both attributes in

a given join predicate are foreign keys (especially, for large-scale

real-world datasets, which may not be uniformly distributed).

For example, let us consider the largest datasets, cast_info
and movie_info, from the real-world Internet Movie Database

(IMDB) [28], with 36 million and 15 million tuples, respectively. If

these datasets participate in a join on attributemovie_id (which is

a foreign key in both datasets), the actual join cardinality becomes

460 million, leading 𝑅𝐸 (%) to be very low (approximately zero),

even with a high absolute error |𝐷𝑎𝑐𝑡 −𝐷𝑒𝑠𝑡 |. As a result, the metric

𝑅𝐸 (%) can mislead the estimation performance in such scenarios.

This issue leads us to consider a more natural choice to measure

the relative error by considering the number of tuples that satisfy

the selection predicates 𝑝 of the given query. Thus, in this paper,

we define the relative error as:

𝑅𝐸𝑝 (%) =
|𝐷𝑎𝑐𝑡 − 𝐷𝑒𝑠𝑡 |

𝑁𝑎𝑐𝑡
𝑝

× 100 (3)

where, 𝑁𝑎𝑐𝑡
𝑝 is the actual join cardinality in a multi-dataset query

or the actual dataset size in a single-dataset query, satisfying se-

lection predicates. Using 𝑅𝐸𝑝 (%) can provide a crucial measure to

understand the overall performance of the sample-based distinct

cardinality estimator with queries with various selection predicates.

5.1 A Naive Approach to Estimation
We first present a naive approach for estimating the number of dis-

tinct values in a set of attributes in multi-dataset (i.e., join) queries.
For simplicity, consider a 2-dataset join query. Let 𝐿 and 𝑅 be left

and right datasets participating in the 2-dataset join and (𝐿.a, 𝑅.b) =
(𝑎1, . . . , 𝑎𝑖 , 𝑏1, . . . , 𝑏 𝑗 ) be a set of attributes in the GROUP BY clause

of the given query, where 𝑎𝑖 ∈ 𝐿 and 𝑏 𝑗 ∈ 𝑅 for 𝑖, 𝑗 = 1, 2, . . . . We

aim to estimate 𝐷𝑒𝑠𝑡
, the number of distinct (𝐿.a, 𝑅.b) values in

𝜎𝑝 (𝐿 ⊲⊳ 𝑅), where 𝑝 represents the selection predicates.

As described in Section 4, compile-time sampling queries with

respective selection predicates for 𝐿 and 𝑅 can be generated and

executed to get the corresponding 𝑛𝑝 and 𝑑𝑝 values from both

sample datasets. Then, the number of distinct values in 𝐿.a and 𝑅.b
can be estimated separately using equation (2).

Let 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

be the number of distinct values in 𝐿.a and 𝑅.b,
respectively. Let𝑁 𝑒𝑠𝑡

⊲⊳ be the estimated join cardinality of 𝜎𝑝 (𝐿 ⊲⊳ 𝑅),
satisfying the selection predicates.

With the calculated 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

, a heuristic can be applied to

propagate the distinct cardinality of the corresponding datasets

in a 2-dataset join. The heuristic scales up the maximum of 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

by the ratio of the estimated join cardinality 𝑁 𝑒𝑠𝑡
⊲⊳ to the

cardinality of the respective dataset, either |𝐿 | or |𝑅 |. Equation (4)

depicts the resulting computation for the number of distinct values

𝐷𝑒𝑠𝑡
in (𝐿.a, 𝑅.b):

𝐷𝑒𝑠𝑡 = (𝐷𝑒𝑠𝑡
𝐿 > 𝐷𝑒𝑠𝑡

𝑅 ) ?
(︃
𝐷𝑒𝑠𝑡
𝐿 ×

𝑁 𝑒𝑠𝑡
⊲⊳

|𝐿 |

)︃
:

(︃
𝐷𝑒𝑠𝑡
𝑅 ×

𝑁 𝑒𝑠𝑡
⊲⊳

|𝑅 |

)︃
(4)

In the above equation, if𝐷𝑒𝑠𝑡
becomes larger than𝑁 𝑒𝑠𝑡

⊲⊳ , it is replaced

with the estimated join cardinality 𝑁 𝑒𝑠𝑡
⊲⊳ .

Furthermore, there can be a special case where the GROUP BY

clause of the given query contains only 𝐿.a (or, 𝑅.b) instead of

(𝐿.a, 𝑅.b). In this case, all distinct values of 𝐿.a (or, 𝑅.b) are likely to
be present after the join operation. In such cases, we use𝐷𝑒𝑠𝑡 = 𝐷𝑒𝑠𝑡

𝐿

(or, 𝐷𝑒𝑠𝑡 = 𝐷𝑒𝑠𝑡
𝑅

) without applying equation (4).

In the general case, consider a multi-dataset query consisting of

𝑚 datasets. Let 𝑄 be a query tree with𝑚-datasets {𝑇 1,𝑇 2, . . . ,𝑇𝑚}.
Assume that the nodes in 𝑄 are either join or leaf nodes (i.e.,

datasets). We first compute 𝐷𝑒𝑠𝑡
𝑇𝑖

for each 𝑇𝑖 dataset, where 1 ≤
𝑖 ≤ 𝑚, using equation (2). If a join node has two leaf nodes as

inputs, 𝐷𝑒𝑠𝑡
for the join node is computed using equation (4) and

is propagated to the next higher-level join node. If a join node

has a non-leaf child node, a similar computation as equation (4) is

followed, except that |𝐿 | or |𝑅 | is replaced with the estimated join

cardinality of the corresponding non-leaf join node. Finally, 𝐷𝑒𝑠𝑡

of the highest join node is returned as the output.

A Running Example: Consider the join query shown below,

which uses two TPC-H benchmark datasets, namely LineItem
and Orders. Assume the scale factor of TPC-H to be 1.0. For this

scale factor, the cardinality of LineItem and Orders are 6001215

and 1500000, respectively.

SELECT o.o_orderpriority, l.l_partkey,
COUNT(*) as order_count

FROM Orders o, LineItem l
WHERE l.l_orderkey = o.o_orderkey

AND l.l_commitdate < l.l_receiptdate
AND o.o_orderdate >= '1993-07-01'
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AND o.o_orderdate < '1993-10-01'
GROUP BY o.o_orderpriority, l.l_partkey;

Table 1 shows returned values after executing sampling queries and

corresponding estimated distinct values obtained from equation (2).

Table 1: Obtained values for the running example

Dataset 𝑛𝑝 𝑑𝑝
Est. distinct Dataset Est. join
cardinality cardinality cardinality

LineItem 691 690 238510 6001215

139455

Orders 38 5 5 1500000

Here, LineItem is the left dataset (i.e., |𝐿 | = 6001215), the number

of tuples from the sample dataset of LineItem satisfying the

selection predicates is 𝑛𝑝 = 691, the number of distinct values in the

attribute l.l_partkey from the sample dataset is 𝑑𝑝 = 690, and

the estimated number of distinct values inl.l_partkey is𝐷𝑒𝑠𝑡
𝐿

=

238510. Using the naive approach, the estimated number of distinct

values from equation (4) becomes: 𝐷𝑒𝑠𝑡 = 238510 × 139455

6001215
= 5542,

whereas the actual distinct cardinality is 𝐷𝑎𝑐𝑡 = 134942. As a result,

the corresponding relative error 𝑅𝐸𝑝 (%) is:

𝑅𝐸𝑝 (%) =
|134942 − 5542|

144869

× 100 = 89.32%

This high relative error of 89.32% reflects a substantial deviation

from the actual cardinality, highlighting the need for improvement

in the estimation process. This motivates the proposed approach,

as introduced in Section 5.2.

5.2 The MAMD Approach
As the example above shows, the heuristic technique of the naive

approach can result in a relatively high error even for a 2-dataset

join query. In this section, we propose a sample-based approach

based on probability theory to estimate the number of distinct

values 𝐷𝑒𝑠𝑡
in a set of attributes inmulti-dataset queries. We refer to

this sample-based approach as the MAMD (Multi-Attribute, Multi-

Dataset) approach.

The naive approach employs the sample dataset size 𝑛𝑝 and

the number of distinct values 𝑑𝑝 in the sample to estimate 𝐷𝑒𝑠𝑡
.

However, the sampling query with the corresponding GROUP BY

clause (taken from the given query; see Section 4.2) returns an extra

piece of information, i.e., the cardinality of each distinct value in

the sample dataset. Using this, we can derive the count-occurrence
vector. MAMD utilizes the count-occurrence vector along with

𝑛𝑝 and 𝑑𝑝 to estimate the distinct cardinality 𝐷𝑒𝑠𝑡
. In particular, to

compute𝐷𝑒𝑠𝑡
, MAMD uses a distinct cardinality estimator equation

proposed in [42] (namely, Theorem 3) for a set of attributes in a
single dataset. Below, we describe that equation, and in Section 5.3,

we show how it can be extended to a multi-dataset scenario.

Let A = (𝐴1, 𝐴2, . . . , 𝐴𝑖 ) be a set of attributes in a single dataset,

𝐷𝑖 be the number of distinct values in each 𝐴𝑖 ∈ A, and 𝑁 be the

dataset size. Also, letV be the set of all distinct value combinations in

A, 𝑓v be the probability of occurrence of a specific value combination

v ∈ V such that

∑︁
v∈V 𝑓v = 1, and 𝑀 be the maximum possible

number of distinct value combinations, i.e.,𝑀 =min {∏︁ |A |
𝑖=1

𝐷𝑖 , 𝑁 }.

The distinct cardinality 𝐷𝑒𝑠𝑡
for the set of attributes A in a single

dataset is given by the following equation (proposed in [42]):

𝐷𝑒𝑠𝑡 =𝑀 −
∑︂
v∈V
(1 − 𝑓v)𝑁 (5)

Equation (5) is derived based on probability theory under the as-

sumptions that the data distributions of individual attributes are
independent and that the occurrences of individual distinct value
combinations are independent.

Note that, assuming independent data distributions in different

attributes, trivial bounds of 𝐷𝑒𝑠𝑡
are: max {𝐷1, 𝐷2, . . . , 𝐷 |A | } (lower

bound) and 𝑀 = min {∏︁ |A |
𝑖=1

𝐷𝑖 , 𝑁 } (upper bound). Depending on

the dataset size 𝑁 , the number of distinct values 𝐷𝑖 ,∀𝐴𝑖 ∈ A, and
the number of attributes |A|, these bounds can be far apart, whereas
𝐷𝑎𝑐𝑡

can be close to either of these bounds or far from them.

To adapt equation (5) to multi-dataset queries, we modify it

according to the information collected from samples by executing

compile-time sampling queries. We proceed to describe MAMD for

2-dataset joins, followed by multi-dataset joins in Section 5.4.

5.3 MAMD for 2-dataset Joins
Similar to Section 5.1, let 𝐿 and 𝑅 be the left and right datasets partic-

ipating in a 2-dataset join and (𝐿.a, 𝑅.b) = (𝑎1, . . . , 𝑎𝑖 , 𝑏1, . . . , 𝑏 𝑗 ) be
a set of attributes in the GROUP BY clause of a given query, where

𝑎𝑖 ∈ 𝐿 and 𝑏 𝑗 ∈ 𝑅 (for 𝑖, 𝑗 = 1, 2, . . . ). Also, let 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

be the

number of estimated distinct values in 𝐿.a and 𝑅.b, respectively.
By executing compile-time sampling queries (Section 4.2) for

both 𝐿 and 𝑅, we calculate 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

using equation (2). Then,

the number of maximum possible distinct value combinations in

(𝐿.a, 𝑅.b) becomes𝑀 = 𝐷𝑒𝑠𝑡
𝐿
×𝐷𝑒𝑠𝑡

𝑅
. Since the dataset cardinality in

equation (5) now comes from the result of a join, we replace 𝑁 by

the estimated join cardinality 𝑁 𝑒𝑠𝑡
⊲⊳ (satisfying selection predicates).

However, the probability values 𝑓v,∀v ∈ V are not readily available

from the sample datasets. As a result, we consider a heuristic to

compute the estimated count-occurrence vector for each dataset

(Section 5.3.1) and then derive their estimated frequency vectors
(Section 5.3.2). Using the estimated frequency vectors, we calculate

the probability values for each distinct value combination.

5.3.1 Estimated Count-Occurrence Vector.
Algorithm 1 describes how the estimated count-occurrence vector

for a dataset is computed from its sample dataset. Given a dataset

𝑇 and its sample dataset 𝑇𝑆 , let 𝐷
𝑒𝑠𝑡
𝑇

be the estimated distinct val-

ues, |𝑇 |𝑒𝑠𝑡𝑝 be the estimated number of tuples in 𝑇 satisfying the

selection predicates, and 𝑂𝑇𝑆 = [(𝛿𝑡1 , 𝑜𝑡1 ), . . . , (𝛿𝑡𝑘 , 𝑜𝑡𝑘 )] be the

count-occurrence vector obtained from 𝑇𝑆 .

The GetEstimatedVector procedure takes 𝑛𝑝 and 𝑑𝑝 values

alongwith𝐷𝑒𝑠𝑡
𝑇

, |𝑇 |𝑒𝑠𝑡𝑝 , and𝑂𝑇𝑆 as inputs. First, it estimates the num-

ber of tuples 𝜏𝑇 in 𝑇 containing the distinct values that appeared

in 𝑇𝑆 (line 7). Then, it calls the GetScaledUpVector function

(lines 16–25) to scale up 𝑜𝑡𝑘 by
𝜏𝑇
𝑛𝑝

for the 𝑘 th count-occurrence

pair (𝛿𝑡𝑘 , 𝑜𝑡𝑘 ) ∈ 𝑂𝑇𝑆 and build the estimated count-occurrence vector
𝑂𝑒𝑠𝑡
𝑇

= [(𝛿𝑡1 , 𝑜𝑒𝑠𝑡𝑡1
), . . . , (𝛿𝑡𝑘 , 𝑜𝑒𝑠𝑡𝑡𝑘

)]. Next, if 𝐷𝑒𝑠𝑡
𝑇

> 𝑑𝑝 and if there

are remaining tuples Δ𝜏 = ( |𝑇 |𝑒𝑠𝑡𝑝 −
∑︁𝑘

𝑖=1 (𝑜𝑒𝑠𝑡𝑡𝑖
×𝛿𝑡𝑖 )), the procedure

calls the GetRestUniformVector function (lines 26–36) to uni-
formly distribute the remaining (𝐷𝑒𝑠𝑡

𝑇
−𝑑𝑝 ) distinct values over the
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Algorithm 1 Compute an Estimated Count-Occurrence Vector

1: procedure GetEstimatedVector(𝑛𝑝 , 𝑑𝑝 , 𝐷𝑒𝑠𝑡
𝑇

, |𝑇 |𝑒𝑠𝑡𝑝 ,𝑂𝑇𝑆 )

2: 𝑛𝑝 : number of tuples in 𝑇𝑆
3: 𝑑𝑝 : number of distinct values from 𝑇𝑆
4: 𝐷𝑒𝑠𝑡

𝑇
: estimated distinct cardinality

5: |𝑇 |𝑒𝑠𝑡𝑝 : estimated number of tuples in 𝑇

6: 𝑂𝑇𝑆 = [(𝛿𝑡1 , 𝑜𝑡1 ), . . . , (𝛿𝑡𝑘 , 𝑜𝑡𝑘 )] : count-occurrence vector
7: 𝜏𝑇 ←

𝑑𝑝

𝐷𝑒𝑠𝑡
𝑇

× |𝑇 |𝑒𝑠𝑡𝑝

8: 𝑂𝑒𝑠𝑡
𝑇

, 𝜏 ′ ← GetScaledUpVector(𝑛𝑝 ,𝑂𝑇𝑆 , 𝜏𝑇 )

9: Δ𝜏 ← |𝑇 |𝑒𝑠𝑡𝑝 − 𝜏 ′ ⊲ Δ𝜏 : number of remaining tuples

10: if (𝐷𝑒𝑠𝑡
𝑇
− 𝑑𝑝 ) > 0 then

11: 𝑂 ′ ← GetRestUniformVector((𝐷𝑒𝑠𝑡
𝑇
− 𝑑𝑝 ),Δ𝜏 )

12: 𝑂𝑒𝑠𝑡
𝑇
← [𝑂𝑒𝑠𝑡

𝑇
,𝑂 ′]

13: end if
14: return 𝑂𝑒𝑠𝑡

𝑇
⊲ est. count-occurrence vector for 𝑇

15: end procedure

16: function GetScaledUpVector(𝑛𝑝 ,𝑂𝑇𝑆 , 𝜏𝑇 )

17: 𝜏𝑇 : est. number of tuples with sampled distinct values

18: 𝜏 ′ ← 0,𝑂𝑒𝑠𝑡
𝑇
← []

19: for each (𝛿𝑡𝑖 , 𝑜𝑡𝑖 ) ∈ 𝑂𝑇𝑆 do ⊲ iterate 𝑖 from 1 to 𝑘

20: 𝑜𝑒𝑠𝑡𝑡𝑖
←

[︂
𝑜𝑡𝑖 ×

𝜏𝑇
𝑛𝑝

]︂
⊲ rounded to the nearest integer

21: 𝜏 ′ ← 𝜏 ′ + 𝑜𝑒𝑠𝑡𝑡𝑖
× 𝛿𝑡𝑖

22: 𝑂𝑒𝑠𝑡
𝑇
← [𝑂𝑒𝑠𝑡

𝑇
, (𝛿𝑡𝑖 , 𝑜𝑒𝑠𝑡𝑡𝑖

)]
23: end for
24: return 𝑂𝑒𝑠𝑡

𝑇
, 𝜏 ′

25: end function
26: function GetRestUniformVector(Δ𝐷𝑒𝑠𝑡 ,Δ𝜏 )

27: Δ𝐷𝑒𝑠𝑡 : number of remaining distinct values

28: Δ𝜏 : number of remaining tuples

29: 𝑟𝑜𝑢𝑛𝑑 ←
[︂

Δ𝜏
Δ𝐷𝑒𝑠𝑡

]︂
, 𝑐1 ← Δ𝜏 − 𝑟𝑜𝑢𝑛𝑑 × Δ𝐷𝑒𝑠𝑡

30: if 𝑐1 > 0 then
31: return [(𝑐1, 𝑟𝑜𝑢𝑛𝑑 + 1), (Δ𝐷𝑒𝑠𝑡 − 𝑐1, 𝑟𝑜𝑢𝑛𝑑)]
32: else if 𝑐1 < 0 then
33: return [(−𝑐1, 𝑟𝑜𝑢𝑛𝑑 − 1), (Δ𝐷𝑒𝑠𝑡 + 𝑐1, 𝑟𝑜𝑢𝑛𝑑)]
34: end if
35: return [(Δ𝐷𝑒𝑠𝑡 , 𝑟𝑜𝑢𝑛𝑑)]
36: end function

Δ𝜏 tuples and append the corresponding pairs to𝑂𝑒𝑠𝑡
𝑇

(lines 10–13).

Finally, it returns the estimated count-occurrence vector 𝑂𝑒𝑠𝑡
𝑇

.

The estimated count-occurrence vectors are computed by execut-

ing Algorithm 1 for each dataset. Let 𝐿𝑆 and𝑅𝑆 be sample datasets of

𝐿 and 𝑅, and 𝑂𝐿𝑆 and 𝑂𝑅𝑆 be the count-occurrence vectors derived

after executing sampling queries with the respective GROUP BY

clauses (see Section 4.2). Also, let |𝐿 |𝑒𝑠𝑡𝑝 and |𝑅 |𝑒𝑠𝑡𝑝 be the estimated

number of tuples in 𝐿 and 𝑅, respectively (satisfying the selec-

tion predicates). Note that |𝐿 |𝑒𝑠𝑡𝑝 and |𝑅 |𝑒𝑠𝑡𝑝 are computed during

join cardinality estimation. Let 𝑂𝑒𝑠𝑡
𝐿

= [(𝛿𝑒𝑠𝑡
𝑙1

, 𝑜𝑒𝑠𝑡
𝑙1
), . . . , (𝛿𝑒𝑠𝑡

𝑙𝑥
, 𝑜𝑒𝑠𝑡

𝑙𝑥
)]

and𝑂𝑒𝑠𝑡
𝑅

= [(𝛿𝑒𝑠𝑡𝑟1
, 𝑜𝑒𝑠𝑡𝑟1
), . . . , (𝛿𝑒𝑠𝑡𝑟𝑦

, 𝑜𝑒𝑠𝑡𝑟𝑦
)] be the respective estimated

count-occurrence vectors for 𝐿 and 𝑅, where 𝐷𝑒𝑠𝑡
𝐿

=
∑︁
∀𝑥 𝛿

𝑒𝑠𝑡
𝑙𝑥

and

𝐷𝑒𝑠𝑡
𝑅

=
∑︁
∀𝑦 𝛿

𝑒𝑠𝑡
𝑟𝑦

. Wewill use𝑂𝑒𝑠𝑡
𝐿

and𝑂𝑒𝑠𝑡
𝑅

to compute the estimated
frequency vectors for both datasets as described next.

Since we maintain count-occurrence vectors as the common

pairs (Section 4.2) and consider uniform distributions to estimate

𝑂𝑒𝑠𝑡
𝐿

and 𝑂𝑒𝑠𝑡
𝑅

(in the GetScaledUpVector and GetRestUnifor-

mVector functions), we have observed during the experiments that

the number of pairs in these vectors are generally much smaller

than 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

. As an example, compared to 𝐷𝑒𝑠𝑡
𝐿

= 238510

and 𝐷𝑒𝑠𝑡
𝑅

= 5, there are only four and three pairs in 𝑂𝑒𝑠𝑡
𝐿

and 𝑂𝑒𝑠𝑡
𝑅

,

respectively (as shown in Table 2 for the running example).

5.3.2 Estimated Frequency Vector.
In equation (5), 𝑓v corresponds to the fraction of tuples for a

distinct value combination. Here, instead of the fraction of tuples for

each distinct value combination, we compute the fraction of tuples

for each (𝛿𝑒𝑠𝑡
𝑙𝑥

, 𝑜𝑒𝑠𝑡
𝑙𝑥
) ∈ 𝑂𝑒𝑠𝑡

𝐿
and (𝛿𝑒𝑠𝑡𝑟𝑦

, 𝑜𝑒𝑠𝑡𝑟𝑦
) ∈ 𝑂𝑒𝑠𝑡

𝑅
pairs and store

them as the 𝑥 th and 𝑦th elements, respectively, in the corresponding

estimated frequency vectors.

Let 𝐹𝑒𝑠𝑡
𝐿

= [𝜙𝑙
1
, . . . , 𝜙𝑙

𝑥 ] and 𝐹𝑒𝑠𝑡
𝑅

= [𝜙𝑟
1
, . . . , 𝜙𝑟

𝑦] be the esti-

mated frequency vectors for 𝐿 and 𝑅, respectively. For the 𝑥 th pair

(𝛿𝑒𝑠𝑡
𝑙𝑥

, 𝑜𝑒𝑠𝑡
𝑙𝑥
) ∈ 𝑂𝑒𝑠𝑡

𝐿
, we compute the 𝑥 th fraction of tuples in 𝐹𝑒𝑠𝑡

𝐿

as 𝜙𝑙
𝑥 =

𝑜𝑒𝑠𝑡
𝑙𝑥

|𝐿 |𝑒𝑠𝑡𝑝
. Similarly, for the 𝑦th pair (𝛿𝑒𝑠𝑡𝑟𝑦

, 𝑜𝑒𝑠𝑡𝑟𝑦
) ∈ 𝑂𝑒𝑠𝑡

𝑅
, we

compute the 𝑦th fraction of tuples in 𝐹𝑒𝑠𝑡
𝑅

as 𝜙𝑟
𝑦 =

𝑜𝑒𝑠𝑡𝑟𝑦

|𝑅 |𝑒𝑠𝑡𝑝
. Note that∑︁

∀𝑥 (𝜙𝑙
𝑥 × 𝛿𝑒𝑠𝑡𝑙𝑥

) = 1 and

∑︁
∀𝑦 (𝜙𝑟

𝑦 × 𝛿𝑒𝑠𝑡𝑟𝑦
) = 1.

5.3.3 Estimated Distinct Cardinality.
The proposed MAMD approach uses the estimated frequency

vectors 𝐹𝑒𝑠𝑡
𝐿

and 𝐹𝑒𝑠𝑡
𝑅

, the estimated count-occurrence vectors 𝑂𝑒𝑠𝑡
𝐿

and𝑂𝑒𝑠𝑡
𝑅

, and the estimated join cardinality 𝑁 𝑒𝑠𝑡
⊲⊳ , and estimates the

number of distinct values 𝐷𝑒𝑠𝑡
in a set of attributes in a 2-dataset

join query by rewriting equation (5) as follows:

𝐷𝑒𝑠𝑡 =𝑀 −
∑︂
∀𝑥

∑︂
∀𝑦

(︃(︂
1 − 𝜙𝑙

𝑥 × 𝜙𝑟
𝑦

)︂𝑁𝑒𝑠𝑡
⊲⊳ × 𝛿𝑒𝑠𝑡

𝑙𝑥
× 𝛿𝑒𝑠𝑡𝑟𝑦

)︃
(6)

where,

• Number of possible distinct combinations,𝑀 = 𝐷𝑒𝑠𝑡
𝐿
×𝐷𝑒𝑠𝑡

𝑅

• Estimated count-occurrence vectors,

– 𝑂𝑒𝑠𝑡
𝐿

= [(𝛿𝑒𝑠𝑡
𝑙1

, 𝑜𝑒𝑠𝑡
𝑙1
), . . . , (𝛿𝑒𝑠𝑡

𝑙𝑥
, 𝑜𝑒𝑠𝑡

𝑙𝑥
)]

– 𝑂𝑒𝑠𝑡
𝑅

= [(𝛿𝑒𝑠𝑡𝑟1
, 𝑜𝑒𝑠𝑡𝑟1
), . . . , (𝛿𝑒𝑠𝑡𝑟𝑦

, 𝑜𝑒𝑠𝑡𝑟𝑦
)]

• Estimated frequency vectors,

– 𝐹𝑒𝑠𝑡
𝐿

= [𝜙𝑙
1
, . . . , 𝜙𝑙

𝑥 ]
– 𝐹𝑒𝑠𝑡

𝑅
= [𝜙𝑟

1
, . . . , 𝜙𝑟

𝑦]
• Estimated join cardinality, 𝑁 𝑒𝑠𝑡

⊲⊳

Here, 𝐷𝑒𝑠𝑡
is upper-bounded by the estimated join cardinality 𝑁 𝑒𝑠𝑡

⊲⊳ .

Also, as mentioned in Section 5.3.1, the number of pairs in the

estimated vectors can be much smaller than 𝐷𝑒𝑠𝑡
𝐿

and 𝐷𝑒𝑠𝑡
𝑅

. When

the exponent, i.e., 𝑁 𝑒𝑠𝑡
⊲⊳ , is very large, the summation portion of the

equation can result in a small number (like equation (5) [42]).

Note that the estimated join cardinality 𝑁 𝑒𝑠𝑡
⊲⊳ has a significant

impact on equation (6). As a result, the effectiveness of MAMD

depends on having a good join cardinality estimator. For example,

suppose the original dataset is highly skewed and the predicates

are highly selective. In such cases, if we consider a sample-based

join cardinality estimator, the sample may not provide enough

information to the join estimator, leading it to create bad estimates

of 𝑁 𝑒𝑠𝑡
⊲⊳ , eventually affecting the proposed MAMD approach.
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Like other sample-based cardinality estimation methods, MAMD

operates under two key assumptions:

• Uniformity: It assumes that values in each join attribute

are uniformly distributed. This assumption is also used

when computing the estimated count-occurrence vector

(Section 5.3.1) and the estimated frequency vector (Sec-

tion 5.3.2) for GROUP BY attributes. While this simplifies

the estimation process, it may miss skewed patterns in

real-world data.

• Independence: It assumes independence across attributes
when estimating the number of distinct combinations (as

in equation (5)), applying a basic probability principle that

multiplies marginal probabilities. However, it ignores po-

tential correlations between attributes, which can affect

estimation accuracy.

If there is no selection predicate and the value combinations

behave truly independently, the upper bound 𝑀 might be suffi-

cient due to these assumptions. However, in the presence of se-

lection predicates in a multi-dataset query, the join cardinality

𝑁 𝑒𝑠𝑡
⊲⊳ bounds both lower (= min{max{𝐷𝑒𝑠𝑡

𝐿
, 𝐷𝑒𝑠𝑡

𝑅
}, 𝑁 𝑒𝑠𝑡

⊲⊳ }) and up-

per (= min{𝐷𝑒𝑠𝑡
𝐿
× 𝐷𝑒𝑠𝑡

𝑅
, 𝑁 𝑒𝑠𝑡

⊲⊳ }) bounds, and 𝑀 cannot reflect the

distribution of distinct value combinations satisfying the predicates.

Incorporating the sample-derived frequency information, as done

in equation (6), therefore provides a more stable estimate across

queries with diverse predicate conditions.

We will revisit the impacts of these assumptions during our

experimental evaluation using the real-world IMDB dataset and

further discuss the limitations in Section 6.4.

The Same Running Example: Let us consider again the run-

ning example presented in Section 5.1 to estimate the distinct cardi-

nality with the MAMD approach. Here, given that the left dataset is

LineItem, |𝐿 | = 6001215, 𝑛𝑝 = 691, 𝑑𝑝 = 690, and 𝐷𝑒𝑠𝑡
𝐿

= 238510.

Table 2 shows the returned values from the sampling queries and

the corresponding estimated values required for equation (6).

Among 690 distinct values in the sample dataset 𝐿𝑆 , 689 distinct

values appear once and 1 distinct value appears twice, so the count-

occurrence vector, 𝑂𝐿𝑆 = [(689, 1), (1, 2)]. Since these 690 distinct
values appear in 𝐿𝑆 , the estimated number of tuples with these

sampled distinct values becomes: 𝜏𝐿 =
[︁

690

238510
× 3901072

]︁
= 11286,

where the estimated number of tuples in LineItem satisfying the

selection predicates |𝐿 |𝑒𝑠𝑡𝑝 = 3901072.

We scale up the occurrences of these 690 sampled distinct values

to obtain the corresponding estimated pairs (689, 16) and (1, 33).
Then we apply the uniform distribution assumption to compute

the estimated occurrences of the remaining 237820 distinct val-

ues (i.e., Δ𝐷𝑒𝑠𝑡 = 𝐷𝑒𝑠𝑡
𝐿
− 𝑑𝑝 = 238510 − 690) over the remain-

ing Δ𝜏 = |𝐿 |𝑒𝑠𝑡𝑝 − (689 × 16 + 1 × 33) = 3890015 tuples. Here,

𝑟𝑜𝑢𝑛𝑑 =
[︁
3890015

237820

]︁
= 16, 𝑐1 = Δ𝜏 − 𝑟𝑜𝑢𝑛𝑑 × Δ𝐷𝑒𝑠𝑡 = 84895, and

Δ𝐷𝑒𝑠𝑡 − 𝑐1 = 152925. Finally, the estimated count-occurrence vector
of 𝐿 becomes 𝑂𝑒𝑠𝑡

𝐿
= [(689, 16), (1, 33), (84895, 17), (152925, 16)]

while the corresponding estimated frequency vector becomes 𝐹𝑒𝑠𝑡
𝐿

=

[(4.10 × 10−6), (8.46 × 10−6), (4.36 × 10−6), (4.10 × 10−6)].
Similarly, for the right dataset Orders (i.e., |𝑅 | = 1500000),

|𝑅 |𝑒𝑠𝑡𝑝 = 53621, and 𝐷𝑒𝑠𝑡
𝑅

= 5. Here, the estimated count-occurrence

vector 𝑂𝑒𝑠𝑡
𝑅

= [(1, 7055), (1, 16932), (3, 9878)] and the estimated

frequency vector 𝐹𝑒𝑠𝑡
𝑅

= [0.13157, 0.31577, 0.18422].

Since the estimated join cardinality is 𝑁 𝑒𝑠𝑡
⊲⊳ = 139455 (satisfying

the selection predicates), using equation (6), the estimated number

of distinct values 𝐷𝑒𝑠𝑡
becomes:

𝐷𝑒𝑠𝑡 =𝑀 −
∑︂
∀𝑥

∑︂
∀𝑦

(︃(︂
1 − 𝜙𝑙

𝑥 × 𝜙𝑟
𝑦

)︂𝑁𝑒𝑠𝑡
⊲⊳ × 𝛿𝑒𝑠𝑡

𝑙𝑥
× 𝛿𝑒𝑠𝑡𝑟𝑦

)︃
= 5 × 238510 − 1061621 = 130929

Given that the actual distinct cardinality is 𝐷𝑎𝑐𝑡 = 134942, the

corresponding relative error 𝑅𝐸𝑝 (%) is:

𝑅𝐸𝑝 (%) =
|134942 − 130929|

144869

× 100 = 2.77%

Here, the relative error 𝑅𝐸𝑝 (%) drops to 2.77%, compared to 89%

from the naive approach, demonstrating a substantial improvement

by MAMD over the naive estimate.

Note that in this example, in the presence of selection predicates,

𝑁 𝑒𝑠𝑡
⊲⊳ < max{𝐷𝑒𝑠𝑡

𝐿
, 𝐷𝑒𝑠𝑡

𝑅
}, and this results in equal lower and up-

per bounds of 𝐷𝑒𝑠𝑡
, i.e., min{max{238510, 5}, 𝑁 𝑒𝑠𝑡

⊲⊳ } = 139445 and

𝑀 =min{238510 × 5, 139445} = 139445, respectively. This bound

produces a relative error of 3.12%, compared to 2.77% from MAMD

which incorporates sample-derived frequency information.

5.4 MAMD form-dataset Joins
We can nowproceedwithMAMD for𝑚-dataset joins. Since left-deep
trees are commonly used during query optimization, we focus our

description considering a left-deep query tree 𝑄 with𝑚-datasets.

However, our approach is also applicable to other query-tree types.

Algorithm 2 The MAMD Algorithm for𝑚-dataset Joins

Input:
{𝑇 1,𝑇 2, . . . ,𝑇𝑚} :𝑚 datasets in the query tree 𝑄

𝐽 = [⊲⊳1, ⊲⊳2, . . . , ⊲⊳𝑚−1] : set of join nodes in 𝑄

Output: estimated distinct cardinality 𝐷𝑒𝑠𝑡

1: GetJoinEstimates(𝐽 )

2: ComputeEstimatesInBaseDatasets({𝑇 1,𝑇 2, . . . ,𝑇𝑚})
3: 𝐷𝑒𝑠𝑡 ← 0,𝑂𝑒𝑠𝑡 ← []
4: for each (𝐿 ⊲⊳ 𝑗 𝑅) ∈ 𝐽 do ⊲ iterate 𝑗 from 1 to𝑚 − 1
5: if 𝐿 is not a base dataset then
6: 𝐷𝑒𝑠𝑡

𝐿
← 𝐷𝑒𝑠𝑡 ,𝑂𝑒𝑠𝑡

𝐿
← 𝑂𝑒𝑠𝑡 ⊲ values from the last join

7: end if
8: if 𝐷𝑒𝑠𝑡

𝐿
= 0 then

9: 𝐷𝑒𝑠𝑡 ← 𝐷𝑒𝑠𝑡
𝑅

,𝑂𝑒𝑠𝑡 ← 𝑂𝑒𝑠𝑡
𝑅

10: else if 𝐷𝑒𝑠𝑡
𝑅

= 0 then
11: 𝐷𝑒𝑠𝑡 ← 𝐷𝑒𝑠𝑡

𝐿
,𝑂𝑒𝑠𝑡 ← 𝑂𝑒𝑠𝑡

𝐿

12: else
13: 𝑠𝑢𝑚 ← 0

14: for each (𝛿𝑒𝑠𝑡
𝑙𝑥

, 𝑜𝑒𝑠𝑡
𝑙𝑥
) ∈ 𝑂𝑒𝑠𝑡

𝐿
, 𝜙𝑙

𝑥 ∈ 𝐹𝑒𝑠𝑡𝐿
do

15: for each (𝛿𝑒𝑠𝑡𝑟𝑦
, 𝑜𝑒𝑠𝑡𝑟𝑦
) ∈ 𝑂𝑒𝑠𝑡

𝑅
, 𝜙𝑟

𝑦 ∈ 𝐹𝑒𝑠𝑡𝑅
do

16: 𝑠𝑢𝑚 ← 𝑠𝑢𝑚 + (1 − 𝜙𝑙
𝑥 × 𝜙𝑟

𝑦)
𝑁𝑒𝑠𝑡
⊲⊳𝑗 × (𝛿𝑒𝑠𝑡

𝑙𝑥
× 𝛿𝑒𝑠𝑡𝑟𝑦

)
17: end for
18: end for
19: 𝐷𝑒𝑠𝑡 ← 𝐷𝑒𝑠𝑡

𝐿
× 𝐷𝑒𝑠𝑡

𝑅
− 𝑠𝑢𝑚

20: 𝑂𝑒𝑠𝑡 ← GetRestUniformVector(𝐷𝑒𝑠𝑡 , 𝑁 𝑒𝑠𝑡
⊲⊳𝑗

)

21: end if
22: end for
23: return 𝐷𝑒𝑠𝑡
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Table 2: Obtained values for the MAMD approach for the running example

Dataset 𝑛𝑝 𝑑𝑝

Est. dataset Est. distinct Count-occurrence Est. count-occurrence Est. frequency vector
cardinality, cardinality, vector pairs (𝛿𝑡𝑘 , 𝑜𝑡𝑘 ) vector pairs, elements,
𝑁 𝑒𝑠𝑡
𝑇

𝐷𝑒𝑠𝑡
𝑇

from samples (𝛿𝑒𝑠𝑡𝑡𝑘
, 𝑜𝑒𝑠𝑡𝑡𝑘

) 𝜙𝑡
𝑘
= 𝑜𝑒𝑠𝑡𝑡𝑘

/𝑁 𝑒𝑠𝑡
𝑇

LineItem 691 690 3901072 238510

(689, 1) (689, 16) 4.10 × 10
−6

(1, 2) (1, 33) 8.46 × 10
−6

(84895, 17) 4.36 × 10
−6

(152925, 16) 4.10 × 10
−6

Orders 38 5 53621 5

(1, 5) (1, 7055) 0.13157

(1, 12) (1, 16932) 0.31577

(3, 7) (3, 9878) 0.18422

While in real life, the query tree changes during query optimiza-

tion (by shuffling the join orders), for simplicity of presentation,

we assume that the query tree (not necessarily optimal) is known

and does not change. Let 𝑄 be a left-deep tree with 𝑚-datasets

{𝑇1,𝑇2, . . . ,𝑇𝑚} and 𝐽 = [⊲⊳1, ⊲⊳2, . . . , ⊲⊳𝑚−1] be a set of corre-

sponding join nodes in 𝑄 . Here, 1 ≤ 𝑗 ≤ (𝑚 − 1) in the subscript of

a join node ⊲⊳ 𝑗 defines the level of the node in 𝑄 and ⊲⊳𝑚−1 is the
highest join node in 𝑄 .

Algorithm 2 describes the MAMD approach for𝑚-dataset joins.

It takes 𝑄 and 𝐽 as inputs and returns the estimated distinct cardi-

nality 𝐷𝑒𝑠𝑡
of the highest join node of𝑄 as the output. First, it calls

the GetJoinEstimates procedure to collect the estimated join car-

dinality 𝑁 𝑒𝑠𝑡
⊲⊳𝑗

values for join nodes ⊲⊳ 𝑗∈ 𝐽 , satisfying the respective

selection predicates. Note that these 𝑁 𝑒𝑠𝑡
⊲⊳𝑗

values are computed dur-

ing join estimation. Next, the ComputeEstimatesInBaseDatasets

procedure is executed to compute the required estimated values for

each base dataset𝑇𝑖 , where 1 ≤ 𝑖 ≤𝑚. This procedure computes the

estimated distinct cardinality 𝐷𝑒𝑠𝑡
𝑇𝑖

using equation (2), the estimated

count-occurrence vector 𝑂𝑒𝑠𝑡
𝑇𝑖

by executing the GetEstimatedVec-

tor procedure (Algorithm 1), and the estimated frequency vector

𝐹𝑒𝑠𝑡
𝑇𝑖

from 𝑂𝑒𝑠𝑡
𝑇𝑖

, for each 𝑇𝑖 dataset (Section 5.3.2).

Next, lines 13–19 evaluate equation (6) to estimate 𝐷𝑒𝑠𝑡
for each

⊲⊳ 𝑗∈ 𝐽 , where 𝐿 and 𝑅 are the left and right child nodes of ⊲⊳ 𝑗 . Also,

to compute the estimated count-occurrence vector 𝑂𝑒𝑠𝑡
, the corre-

sponding estimated number of distinct values 𝐷𝑒𝑠𝑡
are distributed

uniformly over the estimated number of tuples𝑁 𝑒𝑠𝑡
⊲⊳𝑗

of the join node

⊲⊳ 𝑗 by executing the GetRestUniformVector function (line 20). If

𝐿 is a join node, we propagate the last computed 𝐷𝑒𝑠𝑡
and 𝑂𝑒𝑠𝑡

val-

ues to the left child node (lines 5–7). Also, if there are no attributes

in the distinct combination from 𝐿 (or 𝑅), we propagate 𝐷𝑒𝑠𝑡
𝑅

and

𝑂𝑒𝑠𝑡
𝑅

(or, 𝐷𝑒𝑠𝑡
𝐿

and 𝑂𝑒𝑠𝑡
𝐿

) values to the join node and continue to the

next level (lines 8–11). Finally, 𝐷𝑒𝑠𝑡
for the highest join node ⊲⊳𝑚−1

is returned as the output.

Generality of the MAMD Approach: If 𝑄 is not a left-deep tree,
lines 5–7 of Algorithm 2 need to be modified: (1) if𝑄 is a right-deep
tree or a zig-zag tree, we propagate the 𝐷𝑒𝑠𝑡

and 𝑂𝑒𝑠𝑡
values of

the 𝑗 th join node to the corresponding child node of the ( 𝑗 + 1)th
join node, while iterating 𝑗 from 1 to𝑚 − 2, and (2) if 𝑄 is a bushy
tree, we compute the 𝐷𝑒𝑠𝑡

and 𝑂𝑒𝑠𝑡
values and store them with the

corresponding join node so that we can use them for the respective

higher-level join node during the bottom-up iteration of nodes in

𝑄 . The rest of the steps are the same as in Algorithm 2.

6 EXPERIMENTAL EVALUATION
We proceed with the experimental evaluation of the proposed

MAMD (Multi-Attribute, Multi-Dataset) approach for distinct cardi-

nality estimation from two primary perspectives: (1) the compile-

time overhead introduced by the estimation algorithms, and (2)

the average relative error (%) as defined in Section 5. We further

assess the approach’s estimation accuracy, efficiency, and scalability

across varying dataset sizes and sample sizes.

SystemConfiguration: All experiments were carried out using

Apache AsterixDB [1], deployed on a single Amazon EC2 instance.

The instance was configured with 8 vCPUs (Intel(R) Xeon(R) Plat-

inum 8375C CPU @ 2.90 GHz), 32 GB of RAM, and 2 TB of SSD

storage, running 64-bit Ubuntu 22.04 LTS. For the experiments, we

integratedMAMD into the cost-based optimizer (CBO) of AsterixDB

to evaluate distinct cardinality estimates during query optimization.

This evaluation is done without GROUP BY pushdown or operator

rearrangement in query plans. All count values use 64-bit integers;

distinct and join cardinalities use 64-bit floats with two decimal dig-

its, and fractions use 10-decimal precision unless they are explicitly

rounded to the nearest integer.

6.1 Datasets and Samples
To evaluate the performance of the proposed sample-based MAMD
approach for estimating the number of distinct values in a set of
attributes in a multi-dataset query, we used both synthetic and

real-world datasets.

We first considered the TPC-H [34] benchmark and generated

TPC-H datasets at scale factors (SF) of 1, 10, 30, and 100. Each

SF corresponds to the generated database size, e.g., SF = 1 and

SF = 30 refer to 1 GB and 30 GB, respectively. Each dataset, ex-

cept Nation and Region, grows linearly with the SF. At SF = 30,

the largest datasets, LineItem and Orders, contain approxi-

mately 180 million and 45 million tuples, respectively. The data is

synthetically generated and uniformly distributed.

For real-world evaluation, we used the IMDB datasets as prepared

for the JOB [28] benchmark. In contrast to TPC-H, IMDB contains

attribute correlations, non-uniform data distributions, and many-

to-many relationships. There are 21 datasets, of which the largest

two datasets, cast_info and movie_info, have 36 million and

15 million tuples, respectively. The full database size is ∼ 3.6 GB.

All datasets were loaded into Apache AsterixDB, which sup-

ports sampling via its ANALYZE statement. AsterixDB can collect
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and store a fixed-size sample per dataset, regardless of the underly-

ing dataset size. Sampling is performed without replacement and

distributed across partitions to minimize storage and network over-

head. If a sample dataset already exists for a given dataset, the

ANALYZE statement replaces the previously stored sample, ensur-
ing that only one sample is maintained per dataset at a time.

In AsterixDB, samples are collected and stored ahead of time,

rather than being generated dynamically during query compilation.

In our experiments, we varied the sample size for all datasets using

three system-defined configurations:

(1) Low: 1063 tuples per dataset
(2) Medium: 4× the low size (4252 tuples)

(3) High: 16× the low size (17008 tuples)

For each experimental configuration, the corresponding sample

datasets were used by the MAMD algorithms during query compi-

lation to estimate distinct cardinalities.

6.2 Evaluation using TPC-H Datasets
6.2.1 TPC-HQuery Workload. While we use the original TPC-H

datasets for evaluation, we do not use the benchmark’s standard

set of 22 queries. Those queries are primarily designed to evaluate

the performance of decision support systems and rarely involve

GROUP BY clauses across multiple attributes and datasets, which

are essential for assessing distinct cardinality estimation for multi-

ple attributes in join queries. To address this, we define a custom

set of queries for our TPC-H workload over the TPC-H schema.

Our TPC-H query workload is designed to evaluate the per-

formance of the proposed MAMD approach across queries with

varying join complexities, using TPC-H datasets at SF = 1, 10, 30,

and 100. These queries involve primary-foreign key joins and con-

tain selection predicates, including equality, range, IN, and/or LIKE

predicates. Each query includes COUNT and GROUP BY aggregates,

and 2-4 attributes (from at least two datasets) in the GROUP BY

clause. Based on the number of datasets involved in the joins, the

workload is divided into five query sets, each containing a different

number of queries, as summarized in Table 3, resulting in a total of

58 queries. The complete set of queries used in our TPC-Hworkload

is publicly available
1
.

Table 3: Summary of the TPC-H Query Workload

Query set No. of queries No. of Group-By attributes

2-datasets 15 2-3

3-datasets 15 2-3

4-datasets 10 3-4

5-datasets 9 3-4

6-datasets 9 2-3

6.2.2 Query Performance and Relative Error (%). We first measured

the query compilation time, which reflects the total time taken

by CBO of AsterixDB to generate an optimal execution plan, in-

cluding but not limited to the overhead introduced by the MAMD

estimation algorithms. Figure 2 reports the average query compi-

lation and execution times (averaged over the 58 queries in our

TPC-H workload) as SF increases from 1 to 100. We observe that

query compilation time (Figures 2b-2c) remains relatively stable

1
https://github.com/MehnazMahin/Distinct_Card_TPCH

across varying sample sizes and scale factors. However, higher scale

factors can lead to more distinct values in attributes with larger

domains. Eventually, this can increase the number of entries in the

estimated count-occurrence and frequency vectors, and thus the

computational complexity of equation (6). As a result, we observe a

small relative difference in compilation time, ranging from 0.01–0.1

seconds, as SF increases. The overall results indicate that the inte-

gration of sample-based approaches (Naive and MAMD) into CBO

adds minimal computational overhead. In contrast, query execution

time (Figure 2d) increases with larger datasets, as expected, due

to higher I/O and join processing costs. Also, we can observe that

both compilation and execution times with these sample-based

approaches are similar to those without samples (Figure 2a).

We selected the “high” sample configuration for further analy-

sis, since it consistently produced more accurate estimates while

keeping compilation time nearly unchanged (within 0.02 to 0.07

seconds of the other settings). Although it still represents only a

small fraction of the data (0.28% to 0.00028% across SF), it is the

only system-defined configuration large enough (ideally 0.1%-1%)

to provide reliable cardinality estimates [15, 17]. Figure 3 shows

the average relative error, 𝑅𝐸𝑝 (%), over the TPC-H query workload

at scale factors ranging from 1 to 100. For this set of experiments,

we report the average 𝑅𝐸𝑝 (%) for each query set using the “high”

sample size, where join queries are grouped based on the number

of datasets participating in joins. Since both 𝑁𝑎𝑐𝑡
𝑝 and 𝐷𝑎𝑐𝑡

vary

based on join attributes and selection predicates, and do not change

proportionately with the number of datasets, we observe that the av-

erage 𝑅𝐸𝑝 (%) varies among groups. Additionally, the results show

that MAMD (Figure 3b) maintains low relative error percentages,

ranging from 0% − 3.5% across all query groups and scale factors,

while the naive approach (Figure 3a) exhibits much higher errors

(0.05% − 27.02% on average, with some queries reaching 98-99%).

Since TPC-H data is generated with uniform distributions, which
aligns with MAMD’s uniformity assumption, these results reflect

an ideal scenario. This demonstrates that MAMD can deliver high-

quality estimates with low compilation overhead and scales effec-

tively with increasing dataset sizes. However, real-world datasets of-

ten exhibit correlations and non-uniform data distributions, which

can impact estimation accuracy and increase 𝑅𝐸𝑝 (%). These factors
highlight important limitations of the proposed MAMD approach,

as we will explore in the next section using the IMDB datasets.

6.3 Evaluation using IMDB Datasets
For this set of experiments, we use the IMDB datasets from May

2013, originally exported to CSV format for the Join Order Bench-

mark (JOB) [28], and adopt the Cardinality Estimation Benchmark

(CEB) [31] queries built on top of these datasets.

6.3.1 CEB-IMDB Query Workload. Though JOB consists of join

queries with various selection predicates, it was not designed to

evaluate distinct cardinality estimation. In contrast, CEB contains

several join queries with GROUP BY clauses and diverse selection

predicates, making it better suited for evaluating our approach.

The CEB queries are based on the IMDB schema and include both

primary-foreign key and foreign-foreign key joins. Originally de-

signed to evaluate supervised learning-based cardinality estimation

methods, CEB includes a total of 13644 IMDB queries across 16
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SF Query compilation time Query execution time

1 0.11 1.40

10 0.11 14.06

30 0.20 46.66

100 0.23 148.23

(a) Without samples

SF Query compilation time Query execution time

low medium high low medium high

1 0.10 0.11 0.17 1.38 1.38 1.41

10 0.10 0.12 0.17 13.64 13.24 13.3

30 0.18 0.18 0.22 45.52 43.84 43.83

100 0.23 0.23 0.31 145.12 145.65 145.68

(b) Naive (c) Query compilation time using MAMD (d) Query execution time using MAMD

Figure 2: Query compilation and execution times (measured in seconds) using TPC-H datasets at SF = 1, 10, 30, and 100.

(a) Naive (b) MAMD

Figure 3: Average 𝑅𝐸𝑝 (%) over the TPC-H query workload
using the “high” sample size at SF = 1, 10, 30, and 100.

query templates
2
. Among them, six templates contain queries with

GROUP BY clauses: 3b, 9a, 9b, 10a, 11a, and 11b.

Queries from these templates contain IN predicates on the kind
attribute of the kind_type dataset and the role attribute of the

role_type dataset, using static lists of string values. The excep-

tion is 11a, where the IN predicate appears only on role. Upon
careful analysis, we found that several of the GROUP BY attributes

– particularly from the title and person_info datasets – are

highly correlated with role and kind, and that the overall data

distribution of the IMDB datasets is skewed. When any string val-

ues in these IN-lists are filtered out by other selection predicates,

it becomes challenging to detect such effects from stored samples
at query compilation time. As a result, estimating the number of

distinct value combinations across joins becomes difficult.

Due to this limitation, we excluded templates 3b and 9a from our

workload, as they frequently exhibit this issue. In these templates,

selection predicates reduce join cardinalities to very small values

(typically 1–100 and always <13000), leaving distinct cardinalities

nearly identical to the join ones, whereas the same joins without

predicates produce 3–4 billion tuples. This extreme reduction leaves

too few overlapping join keys for meaningful distinct-estimation

behavior. To evaluate the performance of the proposed sample-

based MAMD approach, we selected 10 random queries from each

of the remaining four templates – 9b, 10a, 11a, and 11b – resulting

in a total of 40 queries in our CEB-IMDB query workload. Since

queries in each template share the same join structure and group-by

attributes and differ only in predicate values, these 40 randomly se-

lected queries are sufficient to evaluate the performance of MAMD

on real-world datasets. Table 4 presents a summary of the selected

templates and their characteristics for the CEB-IMDB workload.

2
CEB queries can be found: https://github.com/RyanMarcus/imdb_pg_dataset/

Table 4: Summary of the CEB-IMDB Query Workload

Query template No. of datasets No. of Group-By attributes

9b 9 2

10a 7 2

11a 10 3

11b 12 3

6.3.2 Query Performance and Relative Error (%). As we did for the

experiments using TPC-H datasets, we evaluated the query perfor-

mance in terms of query compilation and execution times for the

CEB-IMDB workload. Figure 4 reports the average query compila-

tion and execution times (averaged over 10 queries of each template

in the CEB-IMDB workload). Similar to the results observed for the

TPC-H workload, compilation time remains relatively stable across

the workload, with minimal difference in compilation time among

sample sizes, typically within 0.01 to 0.1 seconds (Figures 4b-4c).

We can observe that query compilation time increases with the

number of datasets involved in a query template, resulting in lower

compilation time for ‘10a’ using both the naive and MAMD ap-

proaches. In contrast, query execution time (Figure 4d) varies more

significantly due to the complexity and size of the IMDB datasets,

as expected. Note that similar to the TPC-H workload, both com-

pilation and execution times with these sample-based approaches

remain consistent with the times without samples (Figure 4a).

As in the previous evaluation (Section 6.2.2), we continue with

the “high” sample configuration for relative error (%) analysis,

since it consistently provides more accurate results with negligible

compile-time impact. Figure 5 presents the average relative error,

𝑅𝐸𝑝 (%), for each of the four query templates in the CEB-IMDB

workload. Here, the join queries are grouped by their respective

templates, and results are reported using the “high” sample size

(e.g., “high” sample represents 0.12% of movie_info). We ob-

serve that the average relative error ranges from 1.6% − 31% using

MAMD, while ranging from 2% − 45% using the naive approach,

depending on the complexity of the join predicates and selection

predicates in the template. These error rates are notably higher than

those observed in the TPC-H workload. This increase is expected,

as the IMDB datasets exhibit non-uniform data distributions and

strong attribute-level correlations, which conflict with MAMD’s

uniformity and independence assumptions. Note that these higher

error rates are not specific to MAMD. Any sample-based estimator,

including the naive approach, is fundamentally limited when the

underlying data exhibits strong correlations or skewness.
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Set Query compilation time Query execution time

9b 1.75 37.03

10a 0.63 38.13

11a 3.31 46.11

11b 12.82 55.13

(a) Without samples

Set Query compilation time Query execution time

low medium high low medium high

9b 1.71 1.72 1.71 36.06 37.78 38.53

10a 0.61 0.57 0.63 36.25 40.55 40.64

11a 3.27 3.24 3.25 42.08 42.14 42.09

11b 12.50 12.38 12.21 54.29 54.45 54.45

(b) Naive (c) Query compilation time using MAMD (d) Query execution time using MAMD

Figure 4: Query compilation and execution times (measured in seconds) using IMDB datasets and the CEB-IMDBqueryworkload.

(a) Naive (b) MAMD

Figure 5: Average 𝑅𝐸𝑝 (%) over the CEB-IMDB queryworkload
(with the “high” sample size, grouped by query templates).

Despite the relatively high 𝑅𝐸𝑝 (%) in certain cases, the distinct

estimates remain sufficiently effective for guiding optimizer deci-

sions, such as choosing between hash-based and sort-based GROUP

BY algorithms, one of the key applications of distinct cardinality

estimation. However, the impact of the skewed data distributions

and attribute correlations in the IMDB datasets points to some

limitations of the MAMD approach.

6.4 Limitations of the MAMD Approach
Similar to traditional sample-based cardinality estimators [7, 9,

28], MAMD relies on uniformity and independence assumptions

(as discussed in Section 5.3.3). Thus, it cannot capture attribute-

level correlations, particularly those that span multiple datasets

involved in joins or that arise across multiple-dataset attributes in

GROUP BY clauses. The uniformity assumption can also affect the

major components of MAMD – the estimated count-occurrence

(Section 5.3.1) and estimated frequency (Section 5.3.2) vectors.

However, in real-world scenarios, attribute values may not be

uniformly distributed (perhaps even highly skewed) and/or attribute
value combinations can be highly correlated across multiple datasets.

As we discussed in Section 6.3.1, some attributes in IMDB’s datasets

such as cast_info, person_info, title, role_type, etc.,
are highly correlated. Capturing such correlations or data skew-

ness is inherently challenging for any sample-based estimators,

including the naive and MAMD approaches, and ignoring these de-

pendencies can significantly degrade estimation accuracy. In some

such cases, the simple heuristic employed in commercial DBMS op-

timizers for estimating distinct cardinalities, i.e., the multiplication

of individual distinct counts, can outperform MAMD.

Moreover, the performance of MAMD depends on having rep-

resentative samples and a good join cardinality estimator. If the

sample size is too small or cannot adequately represent the data

distributions, the performance of sample-based join estimators will

degrade, eventually affecting the performance of MAMD.

7 CONCLUSION
In this paper, we addressed one of the classical and open problems

of cost-based optimizers: estimating the number of distinct values

in an attribute or a set of attributes in multi-dataset queries – also

known as the distinct cardinality estimation problem. It becomes

challenging in the presence of selection predicates, especially with-

out exploring a substantial fraction of the datasets. We proposed

MAMD (Multi-Attribute, Multi-Dataset), a sample-based approach

for estimating distinct values in a set of attributes (or an attribute)

in multi-dataset queries, with or without selection predicates. It

is also applicable to single-dataset queries. The proposed MAMD

approach is designed to operate using stored samples instead of

examining actual datasets, making it well-suited for large-scale

datasets where computing accurate distinct cardinalities is not fea-

sible. Our experiments using both synthetic and real-world datasets,

namely the TPC-H and the IMDB benchmark datasets, demonstrate

that MAMD estimates distinct cardinalities with moderately low

relative error, while maintaining low storage and computational

overhead. It also exhibits robustness as the dataset size scales.

While MAMD offers a practical and scalable solution for distinct

cardinality estimation during query optimization, it assumes unifor-

mity in join attribute values and does not account for attribute-level

correlations across multiple datasets. Consequently, MAMD does

not do well when the results of join queries exhibit significant cor-

relations. Future work may include relaxing these assumptions and

extending the proposed sample-based approach by incorporating

correlation-aware sampling techniques and non-uniformity adjust-

ments. Future work could also consider adapting queries from other

benchmarks, such as DSB [11], to assess MAMD’s performance.
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