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Abstract
The Relational Database Management Systems (RDBMS) constitute the backbone of today’s
information-rich society, providing a congenial environment for handling enterprise data during
its entire life cycle of generation, storage, maintenance, and processing. The Structured Query
Language (SQL) is the standard interface to query the information present in RDBMS-based
storage. Knowing the expected size of the SQL query result, measured in terms of the output
row-cardinality, prior to execution can benefit both the RDBMS system and the user in several
ways. The use-cases include assessing query feasibility, approximate query answering, query
progress monitoring, and resource allocation strategies. In the context of our work, we define
cardinality estimation as the estimation of the result size (number of rows in the output) of the
given SQL query.
Unfortunately, the histogram and sampling-based techniques commonly used in industrial
database engines for cardinality estimation are often woefully inaccurate in practice. This
lacuna has motivated a recent slew of papers advocating the use of machine-learning/deeplearning techniques for cardinality estimation. However, these new approaches have their own
limitations regarding significant training effort, inability to handle dynamic data-updates, and
generalization to unseen queries.
In this work, we take a relook at the traditional random sampling and investigate whether
they can be made to work satisfactorily when augmented with lightweight data structures.
Specifically, we present GridSam - a Grid-based Dynamic Sampling technique, which essentially augments random sampling with histograms, incorporating both algorithmic and platform
innovations.
From the algorithmic perspective, GridSam first creates a multi-dimensional grid overlay by
partitioning the data-space on “critical” attributes, and then performs dynamic sampling from
the confined query-specific region of the grid to capture correlations. A greedy methodology
targeted towards reducing the Zero Sample Problem occurrence is used to determine the set
of “critical” attributes as the grid dimensions. Further, insights from the Index-based Join
Sampling (IBJS) technique are leveraged to direct the sampling in multi-table queries. Finally,
ii
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learned-indexes are incorporated to reduce the index-probing cost for join sampling during the
estimation process.
From the platform perspective, GridSam leverages the massive parallelism offered by current
GPU architectures to provide fast grid setup times. This parallelism is also extended to the
run-time estimation process.
A detailed performance study on benchmark environments indicates that GridSam computes
cardinality estimates with accuracies competitive to contemporary learning-based techniques.
Moreover, it does so while achieving an orders-of-magnitude reduction in setup time. Further,
the estimation time is in the same ballpark as both traditional and learning-based techniques.
Finally, a collateral benefit of GridSam’s simple and highly parallelizable design is that, unlike
learned estimators, it is amenable to dynamic data environments with frequent data-updates.
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Chapter 1
Introduction
The Structured Query Language (SQL) is the standard interface to query information present
in relational database management systems (RDBMS), which are the typical data processing
platforms for enterprise applications. Knowing the expected size of the SQL query result,
measured in terms of the output row-cardinality, prior to execution can benefit both the RDBMS
system and the user in several ways. Thus, several applications of estimating the result size of
the given SQL query have emerged as follows:
1. The result size of the SQL query can be useful in determining resource allocation
strategies to store the output of the given query.
2. Estimation of the query result size can give several kinds of feedback to system/user
as follows:
• An expensive query can be detected based on the query result size. The system/user
might want to skip the query evaluation depending upon the size of the query result
[38].
• Users may want to check the query for certain types of errors depending upon the
query result’s size (output number of rows).
3. Estimating the query result size can also be used in statistical analysis of data, where
users are frequently interested only in the approximate size of the query result [34, 37].
For this work, we define cardinality estimation in RDBMS as estimating the SQL query
result size.
Cardinality estimation is almost a 4-decade-year-old long-standing problem in the database
systems world. Various types of models have been proposed in the literature for cardinality
1

estimation - ranging from statistical-based models (using histogram-based and sampling-based
techniques) to recent learning-based models (using machine learning and deep learning techniques). The cardinality estimation module in current industrial database engines is typically
implemented as the statistical-based models using histogram-based or sampling-based techniques. Despite decades of research and development, estimates of these models are generally
recognized to be woefully inaccurate, with orders-of-magnitude errors being routinely reported
in the literature [45]. However, these models are much cheaper in resource consumption with
respect to memory usage, estimation time (time for estimating the cardinality), and maintenance.
In the remainder of this chapter, first, we briefly describe the traditional statistical-based
models such as histogram-based and sampling-based techniques for cardinality estimation.
Then, we give a high-level overview of the recent learning-based models, along with highlighting their limitations. Next, we introduce GridSam – the Grid-based Dynamic Sampling
technique for result cardinality estimation. Further, we showcase the performance evaluation
of GridSam at a high level using a widely used real-world single-table dataset named Power
[4] and provide the comparisons of GridSam with state-of-the-art learning-based estimators in
various aspects. We also showcase the performance evaluation of GridSam regarding accuracy
on a widely used real-world multi-table dataset named IMDB [5] and compare it with various
state-of-the-art learned-estimators which support multi-table queries.

1.1
1.1.1

Statistical-based Cardinality Estimators
Histogram-based Cardinality Estimators

The histogram-based cardinality estimators can be broadly divided into two types: (1) onedimensional histograms and (2) n-dimensional histograms. The histogram-based techniques
also maintain per-attribute statistical information such as the frequencies of most common
values, number of unique values, and the fraction of null values.
For approximating the cardinalities of individual filter predicates in a query, the estimators with one-dimensional histograms assume uniform spread inside the respective histogram
buckets. For approximating the combined cardinality of multiple filter predicates, these estimators (with one-dimensional histograms) usually apply erroneous assumptions such as AVI
(Attribute Value Independence) – assuming no-correlation among the respective attributes,
EBO (Exponential BackOff), and MinSel (Minimum Selectivity) – assuming full-correlation.
Further, these estimators assumes uniform distribution across join-crossing correlation to estimate the cardinality for the multi-table queries. These assumptions are known to be highly
2

inaccurate in real-world datasets such as IMDB dataset [5] proposed in Join-Order Benchmark
(JOB) [45].
The cardinality estimators with n-dimensional histograms (with n ≥ 2) aim to approximate
the joint data-distribution by partitioning the data-space using n-dimensional histogram buckets. Several techniques for multi-dimensional histograms have been proposed in the literature
(e.g. [30, 55, 51, 20, 22]). There are also several surveys (e.g. [43, 36]) that have been presented
in the literature, which also include more advanced techniques. They summarized several essential techniques and pointed out the following significant limitations of multi-dimensional
histograms: (i) huge storage cost, and (ii) inability to capture correlations and distributions
between attributes across tables. Thus, for multi-table queries, these techniques still have to
rely on the highly erroneous assumptions.

1.1.2

Sampling-based Cardinality Estimators

The sampling-based techniques are promising alternatives to the histogram-based techniques.
At a high level, sampling-based techniques suggest running a query on a small sampled database.
Then, they extrapolate the query result count of the sampled evaluation with respect to the
max cardinality possible for the given query. In contrast to heuristics-based assumptions such
as AVI and MinSel, sampling-based techniques (e.g. [48, 54, 25, 26, 46, 63, 59]) can capture
arbitrary correlations in the data well. Hence, they can produce more accurate estimates if
samples can represent the underlying data-distribution well.
The sampling-based techniques face challenges for the selective predicates in a query. Samples may not contain adequate tuples, or in the worst case, they may not contain any qualifying
tuples for the corresponding selective predicate from a query. Because of that, the samplingbased techniques often cause the Zero Sample Problem [46], which is simply getting the zero
qualifying tuples in the result after the query’s sampled evaluation. The Zero Sample Problem
can also arise due to any one or many combinations of the following properties regarding attribute data: (i) large value domain, (ii) significantly skewed data distribution, and (iii) strong
correlation among attributes from same or different tables. In the case of Zero Sample Problem,
most sampling-based techniques often rely on erroneous assumptions such as AVI and MinSel
similar to histogram-based techniques, which are known to be highly inaccurate, and produce
large estimation errors.

1.2

Learning-based Cardinality Estimators

Spurred by the rapid growth of machine-learning technology over the past decade, there has
been a recent slew of papers advocating the use of these techniques for cardinality estimations
3

(e.g. [23, 32, 33, 39, 40, 49, 52, 56, 62, 31]). Most of the proposed approaches use deep learning
based-frameworks, modeling the result cardinality estimations as regression problems. Within
this corpus, two broad classes have emerged – query-based and data-based. The former is an
example of supervised learning methodology, with models constructed by training on a large set
of queries and leveraging the actual cardinalities observed during execution as the labels. On
the other hand, the data-based techniques fall under unsupervised learning methodology, and
model the joint probability distribution functions of the underlying data to capture distributions
and correlations.
These novel techniques certainly hold out the promise of substantively improving estimation
accuracies. However, at the same time, they suffer from the common limitations of learningbased approaches as follows:
1. The learned-estimators require significant training effort (i) to acquire actual training
labels in case of query-based approaches, and (ii) to perform training and hyper-parameter
tuning for both kinds of approaches.
2. The query-based learned-estimators often suffer regarding accuracy because of their limited generalizability to unseen queries, especially for the queries with more complex structures.
3. The query-based learned-estimators require to perform training and hyper-parameter tuning again in case of query workload drifts which might take a significant amount of time.
4. The learned-estimators also suffer regarding accuracy because of their inability to cope
with frequent data-updates. As the data-updates may potentially lead to a significant
change in data distribution, the old models may not be viable to use. They require
significant time and computation to acquire updated training labels and re-tune the model
to incorporate updated data. In other words, they demand significant “shutdown” time
to regain the estimation accuracy mainly because of the significant retraining time to
incorporate new data into the model. This behavior of the learned-estimators has been
established in the recent detailed study [60].

1.3

GridSam - Grid-based Dynamic Sampling

As sampling-based techniques can easily capture the correlations between attributes, they
mainly suffer from the Zero Sample Problem (unable to find any qualifying tuples from samples).
In this work, we take a relook at traditional random sampling and investigate whether its cardinality estimation performance could be appreciably improved in conjunction with lightweight
4

Figure 1.1: Parameterized IMDB Query Template (on production year and kind id)
supplementary data structures that reduce the Zero Sample Problem occurrence. Further, our
investigation is in the same spirit as the 2013 study of [61], which showed that with basic calibration and tuning, traditional cost models could be surprisingly effective in comparison to the
learning-based techniques previously advocated for the same purpose.
Specifically, GridSam augments random sampling with histograms. It partitions the data
space on “critical” attributes as the dimensions by imposing multi-dimensional grid overlay.
Subsequently, it performs random sampling from the confined query-specific region of the multidimensional grid overlay, leading to reduced occurrence of the Zero Sample Problem. In other
words, by combining random sampling and histograms, GridSam tries to improve the quality
of the estimates by rectifying the inherent limitations of each other - histogram provides the
confined sample space to avoid the Zero Sample Problem, and random sampling provides the
ability to capture arbitrary correlation to avoid erroneous heuristic-based assumptions.

1.3.1

Sample Evaluation of GridSam on Query Template

We try to exemplify the above arguments using the query template presented in Figure 1.1
based on IMDB database [5]. The query template contains two equality predicates on attributes
production year and kind id. Figure 1.2 shows the result cardinality with respect to all possible
values of kind id and production year, which also signifies that both attributes are highly
correlated with each other. For example, the number of movies produced in a specific year
(production year) with a specific genre (kind id) majorly depends on the values of both of the
attributes (i.e., there can be a huge difference in the number of animated movies produced in the
year 2010 compared to 1960). Thus, it is a pretty difficult estimation task for histogram-based
techniques as heuristic-based assumptions such as AVI often perform poorly with correlated
data. It is also difficult for sampling-based techniques regarding Zero Sample Problem as some
combinations of values of both the attributes may not frequently occur in the data because of
correlations between values and can often be missed out while sampling.
For a simple case of the concerned query template, GridSam partitions the table movies on
5

Figure 1.2: Correlation between Attributes kind id and production year
attribute production year with X number of partitions, which is equivalent to having the onedimensional grid overlay on the table movies. We address the design issues of the grid overlay
with respect to selecting the attributes as the dimensions and determining the partition boundaries in Chapter 3. After partitioning the table movies on attribute production year, GridSam
draws dynamic random samples from the appropriate partitions based on the value of predicate
constant ($C1) in the filter predicate (production year = $C1) from the corresponding query
instance.
In Table 1.1, we have shown the accuracy of GridSam with X number of partitions, denoted
as (GridSam(X)), over 500 query instances of the query template presented in the Figure 1.1.
The query instances are generated by randomly choosing the values of $C1 and $C2 independently from their corresponding data-distributions. The accuracy is shown in the form of
q-error [50] distribution of 500 query instances, where q-error is the widely used metric to
denote the cardinality estimation error. Here, the large q-errors denotes the large estimation
errors. We have formally introduced the q-error metric in Chapter 5.
Even with five partitions, GridSam improves accuracy drastically compared to both traditional Histograms and RMS (Random Materialized Samples). Note that, for Histograms in
Table 1.1, we used the cardinality estimation module of the Postgres database engine [14]. For
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Table 1.1: Q-Error Distribution for 500 Query Instances of Query Template Presented in
Figure 1.1
Model

median

90th P.

95th P.

99th P.

max

mean

ZSP

Histograms
RMS
GridSam(5)
GridSam(10)
GridSam(50)
GridSam(100)

2.4
2.3
1.2
1.1
1.0
1.0

6.4
7.1
2.9
2.3
1.3
1.1

17
17.5
3.7
3.1
1.5
1.1

22
22
8.8
6.2
2.0
1.2

50
48
21
10
3.1
2

3.9
4
1.8
1.5
1.1
1.03

76%
29%
23%
10%
5%

the fair comparisons in the context of memory usage, we configured the Postgres cardinality
estimator with the max number of histogram buckets (10,000) and the size of the most common values array (10,000) for both attributes present in the query, which are much higher than
the value domain sizes of both attributes production year and kind id. The histogram-based
technique still yields large estimation errors, as shown in Table 1.1, mainly because of the AVI
assumption. Even though RMS (Random Materialized Samples) does not require any heuristicbased assumptions, it could not improve upon the accuracy mainly because of the high Zero
Sample Problem rate. The ZSP metric in Table 1.1 denotes the percentage of queries resulted
into the Zero Sample Problem for RMS and GridSam. Note that we used the same sample size
of 1000 for both RMS and GridSam for evaluation. For a higher memory budget to RMS, we
have also evaluated RMS with 10,000 samples. However, it could not achieve better accuracy
than GridSam(5) with 1000 samples as the Zero Sample Problem rate remained still higher
even with 10,000 samples. Moreover, increasing the sample size further can directly impact
the estimation time. GridSam has improved the estimation accuracy mainly because of two
following reasons:
1. The confined sample space using the grid-based partitioning for random sampling has
helped in avoiding the Zero Sample Problem for the large number queries as depicted
using the ZSP metric in Table 1.1.
2. The sampling itself has helped GridSam to capture the correlation between both attributes
and not relying upon the heuristic-based assumption such as AVI.
By increasing the number of partitions such as 50, GridSam achieves superior accuracy and a
much lower Zero Sample Problem rate compared to others by a huge margin. And with 100 partitions which is close to the data-domain (value domain) size of the attribute production year,
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GridSam estimated accurately for each query, because GridSam almost mimicked the indexbased query evaluation in this case.

1.3.2

General Idea of GridSam

Specifically, we present GridSam, an estimation technique that augments random sampling
with the following auxiliary data structures:
1. Simple but carefully chosen persistent multi-dimensional grid overlays, whose dimensions
are constituted from “critical” table attributes, to focus the sampling on the queryrelevant regions of the data-space. This restriction improves the estimation quality by
reducing the impact of Zero Sample Problem, which is typically encountered when searching for values with low frequencies, the classical bane of sampling. We assume that a
memory budget is provided by the user, which determines the permissible size of the grid
overlays.
2. Learned-indexes [42] to provide cheap probes for capturing join crossing-correlations using
the framework of Index-based Join Sampling (IBJS) [46]. These probes improve the time
and space efficiency for multi-table queries.
Our interest in sampling stems from its inherent ability to capture correlations within attributes of a table, as well as join-crossing correlations across tables in conjunction with indexes [46]. Further, we use the dynamic variant of sampling, where the samples are taken on
the fly, to ensure adequate coverage of the specific query region indicated by the grid overlay.
Dynamic sampling had been historically considered expensive since each sample could, in principle, require a separate disk access – however, given that main-memory-resident databases have
become commonplace, it appears reasonable to assume that the samples can now be sourced
cheaply. Finally, thanks to Kolmogorov’s statistics [29], we know that the accuracy of sampling
is primarily a function of the absolute number of samples taken and not proportional to the
database size, thereby seamlessly supporting scaling to large databases.
Building the grid overlay on the table includes the following tasks related to design and
construction:
1. Determining a set of “critical” attributes as the grid overlay dimensions.
2. Determining the number of partitions for each dimensional attribute.
3. Determining the partition boundary values for each dimensional attribute.
4. Imposing the grid overlay on the data.
8

A greedy methodology targeted towards reducing Zero Sample Problem is used to determine the
set of “critical” attributes, and the same methodology is used to also determine the number of
partitions for each dimension. Specifically, this methodology preferentially chooses attributes
having data characteristics such as: (i) large value domains, (ii) significantly skewed data
distributions, and (iii) strong correlations with attributes in the same or different tables. We
address all these design choices in Chapter 3.
As the overlay construction process is highly parallelizable, the grids can be designed and
built in just a few seconds using a GPU. This allows GridSam to achieve much lower setup
time in comparison to learned-estimators, thereby facilitating adaptation to dynamic dataupdates. Moreover, GridSam also uses the GPU to perform data-parallel tasks on the grid
overlay during estimation to decrease the overall estimation time. These data-parallel tasks
typically include (i) calculating the size of the sample space of dynamic query-specific region;
and (ii) performing random sampling from the non-empty grid cells in a query-specific region.
The price of these improvements is substantially increased memory usage since tuple identifiers
need to be stored in the corresponding grid cells to maintain their natural order. However, we
already mentioned that the main-memory is sufficiently available in the system as it is cheap
in the current scenarios. We hold this assumption also for learned-estimators by considering
memory budget as the hyper-parameter while tuning the model.
The experimental evaluation shown in Chapter 5 and Chapter 6 suggests that, by trading off
memory usage, GridSam achieves competitive estimation accuracy compared to state-of-the-art
learned-estimators by incurring orders-of-magnitude less building time, which is significantly
effective for data-warehouses with frequent data-updates and query workload drifts.
1.3.2.1

Grid Overlays

Our grid overlay is a static version of the celebrated Grid File indexing structure [53]. Specifically, for each table, we first identify the attributes that are likely to be difficult to estimate
well with random sampling over the entire domain. These “critical” attributes, which we call
as e-attr (set of error-prone attributes), are typically those with (i) large value domains, (ii)
significantly skewed data distributions, (iii) strong correlations with sibling attributes in the
same table, or (iv) strong correlations with attributes in external tables. Then, we create linear
scales (the array of partition boundary values) for each attribute from e-attr , equivalent to the
equi-depth attribute histograms that are already common in databases.
Finally, we create a multi-dimensional grid overlay with each attribute from e-attr forming
a dimension and the linear scales determining the partitioning. In the last step, tuple identifiers
(TIds) or pointers are included in each cell of the grid for all rows in the base table that fall
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Figure 1.3: Grid Overlay Example
into the grid cell. A sample grid overlay is shown in Figure 1.3 on a hypothetical table T
containing two attributes T.a and T.b which are used as the dimensions. It also includes the
occupancy of each grid cell as a derived meta-data within the grid cell. For more than two
dimensions, the grid overlay will look equivalent to a hyper-rectangle. The multi-dimensional
array (contiguously stored in row-major order) is used to represent the grid overlay. Each
element of this array stores the pointer to a list of TIds and the number of elements in the list
(N ). This array can be persisted onto the disk as well.
Subsequently, when we carry out sampling for a query with e-attr predicates, the sampling
is restricted to the minimal bounding hyper-rectangle in the grid that completely contains the
query. And the expectation is that this restricted sampling will provide more accurate results
as compared to taking the same number of samples over the entire table space.
Obvious issues that arise with the above approach is the exponential space and time complexity of the grid overlay construction, which also impacts the practical number and choice
of e-attr to include in the overlay, as well as the number of partitions in each dimension – we
address these design and implementation issues in Chapter 3.

10

1.3.2.2

Type of Sampling in GridSam

In general, GridSam performs Simple Random Sampling With Replacement (SRSWR) from
the query-specific region of the grid overlay. Specifically, GridSam performs weighted random
sampling from all the grid cells within the query-specific region based on the volume of the
respective grid cell (more samples from the grid cells with more volume). The sampled TIds
from all the grid cells are checked for uniqueness for having distinct random samples in the final
sample set. Internally, for all the grid cells within the query-specific region, GridSam randomly
picks TIds from each grid cell and check for uniqueness using the hash-based data structure.
For each query, GridSam can efficiently perform SRSWR from the query-specific region as big
datasets nowadays are main-memory residents. As GridSam acquires dynamic samples for each
query at run-time, it does not maintain any reservoir of random samples. GridSam applies the
simple extrapolation estimator on the result size of the sampled evaluation with respect to the
total volume of the query-specific region to estimate the cardinality for a given query. There is
no induced bias in the sampling mechanism of GridSam as it just performs random sampling
from the confined query sample space and uses the same sample space for extrapolation of the
result count.
1.3.2.3

Incorporating Learned-Indexes

An elegant approach to implement index-based sampling for capturing join-crossing correlations
was proposed in the IBJS scheme of [46]. However, they considered traditional B-tree and hashindexes that require tree traversals for the sampling – with a large number of indexes and probes,
and this could become expensive with regards to both space and time overheads. Therefore, we
instead opt to leverage the recently proposed learned-indexes [42] which provide substantially
improved efficiency due to their constant probe complexity. A hurdle, however, is that learnedindexes expect the indexed attribute to be physically sorted, and this is especially problematic
when indexes have to be built on multiple attributes, as in our situation. We address this issue
by the simple workaround of constructing auxiliary mappings that connect the logical sorted
order of each attribute with the physical storage locations.
1.3.2.4

Performance Evaluation and Comparisons (Where GridSam Stands)

We have conducted a detailed experimental study of GridSam as shown in Chapter 5 and
Chapter 6 on a Postgres platform [14] hosted on a vanilla workstation, using database evaluation
environments similar to those considered in recent studies. We evaluated GridSam on different
memory budgets and established that it can yield the estimation accuracies that are surprisingly
competitive to the learning approaches. Our experiments indicate that GridSam can be built
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Table 1.2: Performance Evaluation and Comparisons of Result Cardinality Estimation
Technique
GridSam-50
GridSam-100
GridSam-500
GridSam-1024
NARU-15
NARU-55
NARU-200
NARU-3100
LWM-360
MSCN-500
Postgres
RMS

Accuracy (Q-Error)
95th P 99th P
2.9
8.2
2.75
8.17
2.45
8.15
2.28
8.03
6
21
4.1
12
3.2
6.3
2.0
4.0
8
21.6
10.5
34
14
65
13.5
61

Est. Time
(ms)
1.8
3
9
20
2.8
5.4
5.7
5.7
0.06
0.5
0.01
0.01

Storage
(MB)
0.64
2.1
2.2
2.2
0.25
30
0.13
0.02

Building/Training
Effort (secs)
3
3
3
3
1
0

efficiently in just a few seconds, enabling it to support frequent data-updates.
We have compared GridSam with state-of-the-art learning-based estimators such as MSCN
[40], Light-Weight Models (LWM) [23], and NARU [62], and also compares with traditional
estimators such as the cardinality estimation module of the Postgres [14] database engine
(histogram-based technique) and RMS (Random Materialized Samples – sampling-based technique). The evaluation metrics were the following: (i) Accuracy, measured in terms of the
95th and 99th percentile of q-error [50], (ii) Estimation Time, (iii) Storage Overheads, and (iv)
Building/Training Effort. For GridSam, storage budget M (in MB) is an input parameter, and
it is therefore denoted as GridSam-M . Analogously, the training-time budget T (in secs) is an
input parameter to the various learned-estimators, and they are denoted as MODEL-T , where
MODEL is the specific learned-estimator. Note that the estimation time and storage overheads
are considered as the run-time efforts and building/training effort is considered as an off-line
effort (compile-time effort). Here, for storage metric, we are only considering the memory
budget that is required for the estimation/prediction of the query’s cardinality. Note that, for
all learned-estimators, we have performed training and hyper-parameter tuning as suggested in
the respective papers using GPU with various memory budgets (models sizes) and picked the
best model for each learned-estimator for evaluation.
The results of a representative experiment featuring 3000 queries on the Power dataset [4] are
shown in Table 1.2. In particular, GridSam-M was evaluated for a range of memory scenarios,
including M = 50, 100, and 1024 MB, and a fixed sample size of 1000. As shown in Table 1.2,
GridSam delivers competitive accuracy to the learned-estimators. Moreover, the off-line effort
12

Table 1.3: Q-Error Distribution for JOB-Light Workload
Model

median

90th

95th

99th

max

mean

Postgres [40]
IBJS
MSCN [40]
End-to-End [56]
GridSam

6.1
1.8
3.82
3.51
1.1

161
35.6
78.4
48.6
2.64

818
270
362
139
3.48

2044
8167
927
244
5.04

2097
9654
1110
272
5.41

127
340
57.9
24.3
1.63

for model building is orders-of-magnitude lower. For instance, NARU requires much higher
training time than GridSam to achieve comparable accuracy. Moreover, the other learnedestimators could not perform better than GridSam even with large training budgets. Also, while
GridSam may appear to have large estimation times in a relative sense, these times are quite
practical from an absolute perspective since they are in milliseconds, minuscule in comparison
to query execution times. On the flip side, GridSam requires significantly greater run-time
memory to provide these benefits, thereby establishing a space-time tradeoff. Finally, turning
our attention to the traditional techniques, we find they are highly inaccurate in comparison
to GridSam, and therefore unviable for high-confidence estimations.
A sample instance of the performance evaluation for multi-table queries (join queries) is
captured in Table 1.3 which compares GridSam with the contemporary learning techniques
on the widely used JOB-light workload [40], which is based on IMDB dataset [5]. Table 1.3
shows the q-error distribution of GridSam against the reported numbers of MSCN [40] and
End-to-End [56]. Here, IBJS (Index-based Join Sampling) [46] is considered as a baseline
of the sampling-based techniques for multi-table queries. The performance of the cardinality
estimation module of the Postgres database engine is also included as a baseline for histogrambased techniques. The learned-estimators such as NARU and LWM do not support multi-table
queries, and therefore, they are excluded from this evaluation. We see in this table that over
the entire distributional range, GridSam provides significantly lower estimation errors than the
prior art.
For fair comparisons on memory budget, we have configured the cardinality estimation
module of the Postgres database engine with max number of histogram buckets and the max
size of the most common values array. We have also evaluated RMS and IBJS with a large
sample size such as 10,000. Even with a large number of samples, they could not achieve better
accuracy than GridSam, mainly because the Zero Sample Problem rate remained still higher
even with 10,000 samples. Moreover, increasing the sample size further can directly impact the
estimation time.
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1.4

Organization

The thesis is organized as follows: The detailed description of related work is presented in
Chapter 2 which covers both statistical-based and learning-based techniques. In Chapter 3, we
describe the design and construction schemes for the grid overlay(s) for both single-table and
multi-table datasets. The building of learned-indexes for the purpose of propagating sampling
across joined tables is also outlined in Chapter 3. The use of these data structures to support
cardinality estimation for the queries containing single table and multiple tables is presented in
Chapter 4. The experimental framework, including grid construction selection parameters, grid
construction building parameters, datasets, and comparative estimators, is presented in Chapter 5. A detailed evaluation over representative real-world database environments is presented
in Chapter 6, highlighting the accuracy and efficiency of the new GridSam approach. Finally,
we present our conclusions and outline future research avenues in Chapter 7.
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Chapter 2
Related Work
2.1
2.1.1

Histogram-based Techniques
Cardinality Estimation using One-Dimensional Histograms

The cardinality estimators in most current industrial database engines maintain per-attribute
statistics such as one-dimensional histogram, frequencies of the most common values, number of
unique values, the fraction of null values, etc. Based on these statistics, the estimator determines
the approximate cardinality of the individual single-attribute filter predicates of the query. Note
that the cardinality of the filter predicate can also be expressed as the selectivity which is a
normalized form of the cardinality with respect to the max cardinality possible. For determining
the combined approximated cardinality of the multiple filter predicates in conjunction, the
default method is based on a heuristic assumption such as Attribute Value Independence (AVI)
[15, 17, 11]. For the AVI assumption, combined selectivity is being calculated by multiplying the
selectivities of the filter predicates of a query, which essentially assumes no-correlation between
attributes. Another heuristic-based assumption could be the Minimum Selectivity (MinSel)
which essentially assumes full-correlation between attributes of a table. MinSel assumption
determines the combined selectivity of the multiple filter predicates in conjunction by choosing
the minimum selectivity from the selectivities of all filter predicates.
For the multi-table queries containing join predicates, the estimators often rely on the Join
Predicate Independence assumption [57], also known as the Join Uniformity assumption. Here,
the estimator assumes the uniform distribution in join crossing-correlation. In simple words,
for PK-FK join predicates, the uniformity suggests that every PK value joins with the same
number of FK values.
Usually, these assumptions which are used by the estimators do not hold in the real-world
15

datasets, such as the IMDB dataset [5] from Join-Order Benchmark (JOB) suggested in [45],
and the estimators often produce significant estimation errors which is evidently highlighted in
[45]. However, the histogram-based estimators are cheap in resource consumption in terms of
storing, creating and maintaining per-attribute statistics.

2.1.2

Cardinality Estimation using n-Dimensional Histograms

A natural extension to the one-dimensional histograms is n-dimensional histograms for cardinality estimation. They aim to approximate the joint data-distribution to capture the intratable correlations by partitioning the data-space using n-dimensional histogram buckets corresponding to the respective attributes. Several techniques based on various data-space partitioning schemes have been proposed for the multi-dimensional histograms in the literature
(e.g. [30, 55, 51, 20, 22]). There are several detailed studies (e.g. [43, 36]) have been presented
which summarize various recent strategies based on the following:
1. Partitioning methodologies [47, 24] to divide the data into multiple n-dimensional buckets
in order to achieve better approximation quality
2. Workload-aware methodologies [20] for partitioning the data-space based on query feedback
3. Efficient and fast construction of the histograms based on various techniques like sampling
These studies also summarize the following major challenges for multi-dimensional histograms
to be used for cardinality estimation:
1. There is a problem of huge space overheads with n-dimensional histograms. The storage
cost increases drastically with an increase in the number of dimensional attributes (n).
2. In general, multi-dimensional histograms are unable to efficiently capture the correlations
and distributions between attributes from different tables. They still have to rely on the
assumption of Join Uniformity for join-crossing correlations, which are known to be highly
erroneous [45].
Moreover, similar to the estimation methodologies of one-dimensional histograms, the multidimensional histograms still have to rely on the erroneous assumptions such as AVI (nocorrelation) and MinSel (full-correlation) for the queries containing filter predicates on the
attributes which are not the dimensions of the respective multi-dimensional histogram.

16

GridSam overcomes these challenges by combining multi-dimensional grid overlay and dynamic
sampling. In a way, GridSam also creates the multi-dimensional histogram by imposing the
grid overlay to partition the data-space and storing tuple identifiers (TIds) into grid cells.
To achieve fast building time, GridSam employs a simple static partitioning scheme where
partition boundaries are determined before partitioning the data-space. It is similar to the
static version of the grid files [53]. The empirical evaluation shows that even a simple static
design of GridSam along with query-specific sampling can achieve reasonably good estimation
accuracy. In GridSam, the number of attributes as dimensions are predetermined based on the
underlying data properties. To achieve better accuracy in the limited space budget, GridSam
employs the greedy methodology targeted towards reducing the Zero Sample Problem rate to
choose the “critical” attributes as dimensions for partitioning the data-space. Further, because
of the integration of dynamic sampling with a multi-dimensional grid overlay, GridSam can also
capture the correlations between attributes that are not part of the dimensional attributes. To
capture join-crossing correlations, GridSam follows the index-based framework for correlated
sampling suggested in [46] along with grid overlays to limit the Zero Sample Problem rate.
GridSam also incorporates learned-indexes [42] in the IBJS framework to efficiently performing
the index-probes for join sampling.

2.2

Sampling-based Techniques

Histogram-based techniques face many inherent challenges to capture the correlations and distributions for both intra-table and inter-table (join crossing-correlations) for cardinality estimation. Sampling-based techniques are promising alternatives to histogram-based techniques
because of their inherent ability to capture the correlations. If sampled rows (tuples) represent
the underlying data-distribution well, then the sampling-based techniques can accurately approximate the cardinalities of the queries. With this motivation, various types of sampling-based
methodologies based on independent sampling to correlated sampling have been proposed in the
literature (e.g. [48, 25, 26, 46, 63, 59]) to capture both intra-table and inter-table correlations.
However, the sampling-based techniques often cause the Zero Sample Problem [46], which
is getting the zero qualifying tuples in the result after the query’s sampled evaluation. Most
of the sampling-based techniques fail when there are no qualifying samples to extrapolate the
result count. In that case, they have to fall back to erroneous assumptions such as AVI, and
MinSel, which are known for producing highly erroneous cardinality estimates.
In the case of multi-table queries (queries containing join predicates), the naive independent sampling approach is to randomly sample the tuples (rows) from the individual tables
present in the query and then join those samples after applying the respective base-table filter
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predicates present in the query. The major problem with this naive approach of independent
sampling is that there is a huge number of samples required in expectation, even after assuming
uniform distribution over join crossing-correlation, from each table to get the “enough” number
of samples in the result [46] and to avoid Zero Sample Problem. The estimation time of the
naive sampling approach can be significantly high because of the massive amount of necessary sampling. To solve the limitations of independent sampling for multi-table queries, many
correlated sampling techniques have been proposed in the literature (e.g. [46, 63, 59]), which
mainly use the pre-computed statistics with auxiliary data structures to obtain correlated samples. We now describe a couple of recent correlated sampling techniques which aim to avoid
the empty query result on sampled evaluation with small sample size for multi-table queries
(join queries). We also highlight their limitations with respect to the Zero Sample Problem and
frequent data-updates.
The correlated sampling with the CS2 algorithm has been proposed in [63] for multi-table
queries. This technique precomputes the correlated samples from the tables in the schema and
materializes them to achieve run-time efficiency. Each query uses these samples to estimate the
cardinality after applying the respective base table predicates. This technique needs a source
table to obtain the initial samples, and then it chooses another table and the corresponding
samples from it, which can be joined with the samples from the source table. The CS2 technique
follows this procedure for the entire schema join-graph to obtain correlated samples. It aims
to limit the chances of Zero Sample Problem, which often occurs with small sample sizes and
many tables in the query, by precomputing and materializing correlated samples. As the CS2
technique can be performed efficiently for star database schema or snowflake database schema,
it may not be efficiently applicable to any arbitrary schema graph. Moreover, the materialized
correlated samples must be reacquired in case of updates in the data.
The recent correlated sampling approaches are summarized in the recently presented detailed
study [43] which pointed out several major limitations of the recent sampling-based techniques
as follows:
1. Materialized random samples (independent or correlated) need to be updated frequently in
case of frequent data-updates, which can be very costly, especially in the case of correlated
sampling for multi-table queries.
2. In case of multi-table queries, acquiring adequate correlated dynamic samples on the fly
at run-time might be time-consuming.
However, the state-of-the-art sampling-based technique called Index-based Join Sampling
(IBJS) [46] from the family of correlated sampling techniques has tried to rectify the above18

mentioned issues. We have given a detailed description of the IBJS technique in the following
subsection.

2.2.1

Index-based Join Sampling (IBJS)

Figure 2.1: Index-based Join Sampling [46]
IBJS [46] addresses the limitations of naive independent sampling approach by probing the
qualifying base table samples against the existing index structures to get the correlated samples.
Further, IBJS efficiently supports dynamic samples on a per-query basis with the help of index
structures built on join attributes, which makes IBJS more robust in the case of data-updates.
Note that, the relevant indexes need to updated in case of data-updates. Unlike CS2 [63], IBJS
efficiently supports arbitrary schema graphs for obtaining correlated join samples.
For example, as shown in Figure 2.1, consider a hypothetical query containing tables A, B
and C with their corresponding filter predicates and join predicates. At the first step, after
applying the filter predicates of a table A on initial samples from table A itself, this technique
probes the index of the join-attribute of table B for each qualified sample from the initial table
and get the sampled rows for the table B. Subsequently, the filter predicates of table B can
be applied to these newly acquired join-samples of table B. After that, the same join-sampling
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methodology can be repeated for table C. This technique assumes to have indexes built on
all join-attributes for the significant improvement in the estimates. This technique requires a
much less number of samples than the naive independent sampling approach as it directly gets
adequate samples for each table using the corresponding index structures. Hence, it is much
cheaper relative to the naive independent sampling approach for multi-table queries.
However, like other independent or correlated sampling-based techniques, IBJS fails when
there are no qualifying samples from the initial table to start (Zero Sample Problem) after
applying respective base table filter predicates. IBJS may also fail anywhere on the join path
as the Zero Sample Problem can occur after applying the respective filter predicates on joinsamples of any table on the join path.
GridSam tries to solve the earlier limitations of correlated sampling techniques by using the same
index-based framework suggested in [46], to get the dynamic correlated samples on the fly for
any multi-table query with equi-joins. Further, GridSam tries to limit the rate of Zero Sample
Problem in IBJS by combining the grid overlays with the index-based framework of IBJS, for
which we have provided a detailed description in Chapter 3. GridSam also incorporates learnedindexes for efficient join sampling in the IBJS framework to keep the estimation time lower.
Moreover, the empirical evaluation presented for multi-table queries in Chapter 6 shows that
GridSam can achieve much better accuracy compared to IBJS due to decreased Zero Sample
Problem rate.

2.3

Learning-based Techniques

A lot of models and techniques have been proposed in the literature (e.g. [23, 32, 33, 39, 40, 49,
52, 56, 62, 31]), which apply state-of-the-art learning-based models using machine learning and
deep learning techniques for cardinality estimation problem. These techniques generally employ
advanced learning-based models such as deep autoregressive models, deep neural networks, convolutional neural networks, and gradient boosted trees for cardinality estimation purposes. All
the models and techniques can be majorly classified into two categories: (i) supervised-learning
models (query-based ), (ii) unsupervised-learning models (data-based ), which are described in
the subsequent subsections with detailed examples of learned-estimators.
The supervised-learning models generally use regression-based techniques by forming the
cardinality estimation as a regression problem. The models try to form a mapping/relationship
between queries and their corresponding true cardinality labels in layman’s terms. They try
to learn the underlying data-distribution using a large number of query instances with respect to corresponding query templates while training and use their true cardinality labels to
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learn. The unsupervised-learning models generally try to approximate the underlying joint
data-distribution to estimate the cardinality, essentially by learning joint probability distribution function of the underlying data. Unsupervised-learning models only require data for the
training without any assumptions on query workload. Thus, they are more robust to the query
workload drifts compared to supervised-learning models. We have pointed out several common
limitations of the learned-models for cardinality estimation in Chapter 1. Here, we provide
the general overview of both supervised and unsupervised techniques for cardinality estimation
with detailed descriptions of some of the essential learned-estimators.

2.3.1

Supervised-Learning Models

The generic workflow of all the supervised-learning based models follow a similar methodology
to train the models and predict/estimate the cardinality of the query as follows:
1. A large number of queries are generated synthetically for training and testing by randomly
choosing tables, filter predicates, and corresponding predicate constants.
2. Each query from the training and testing set is encoded and translated into the adequate
input features for the respective learned-model. Along with query information, the additional enriching statistical-based information can also be added in the input features
such as heuristic estimators [23] and bitmap of materialized samples [40] to improve the
quality of the estimates.
3. The model is trained using the provided input features of all queries of the training set
and their corresponding true cardinality labels.
4. For prediction, again, the query is encoded, and translated into the input features with
additional information similar to training queries. Then, the estimate of the respective
query can be determined as a result after applying the optional post-processing on the
model output.
5. In case of frequent data-updates, newly updated true cardinality labels for all the queries
of training set along with the additional statistical-based input features need to be reacquired. Further, the regression models need to be updated either using full retraining and
re-tuning or incremental training.
Many supervised-learning models (e.g. [23, 56, 40, 52, 31]) have been proposed in the literature
for cardinality estimation. We have reviewed a couple of essential techniques in detail that
follow the same methodologies of supervised-learning models for cardinality estimation.
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Figure 2.2: Architecture of the Multi-Set Convolutional Network (MSCN) [40]
2.3.1.1

Multi-Set Convolutional Network (MSCN)

This technique [40] provides an estimation model for multi-table queries using a set-based
query representation scheme hosted on a multi-set convolutional neural network. The query
is partitioned as a set of tables followed by a set of join predicates and finally followed by a
set of filter predicates. These sets contain one-hot vectors to identify the respective tables,
the attributes in join predicates and filter predicates, and the operators for the respective
filter predicates. Along with one-hot vectors, these sets also contain the normalized values of
the predicates constants ∈ [0, 1], normalized using the minimum and maximum values of the
respective attribute corresponding to the respective filter predicate. As shown in Figure 2.2,
the architecture of the multi-set convolutional network contains tables, joins, and predicates
which are represented as separate modules, comprised of one two-layer neural network per set
element with shared parameters. Module outputs are averaged, concatenated, and fed into a
final output network.
The model is trying to learn the potential underlying distribution of the data using the actual
cardinalities of the query instances concerning randomly generated and equally distributed
query templates. Thus, this paper [40] has proposed to train the model with a large number
of synthetically generated queries (100,000 queries for 6-tables schema of the IMDB dataset
[5]). Note that the training query set only contains the queries with the number of joins
up to 2, and the testing query set may contain a higher number of joins in a query. The
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model is expected to generalize for the higher number of joins. Moreover, they have enriched
the training and testing query set with the bitmaps of materialized base-table samples. The
corresponding filter predicates of all tables in each query from the training and testing query set
are evaluated on 1000 randomly materialized samples, and their positions are being captured
using the bitmaps. To capture the correlations and distributions of the underlying data in
more detail, these bitmaps are used as the input features for all the tables along with other
query-related information for all the queries while training and testing the model.
The MSCN model achieves significantly better accuracy compared to traditional statisticalbased techniques for the queries containing up to 2 joins (queries seen in training). However, it
fails to generalize for the queries with a higher number of joins and produces large estimation
errors for the queries containing 3 to 5 number joins. Moreover, this technique suffers from huge
training overheads as there are heavy-duty tasks to be performed, such as (i) acquiring training
labels (true cardinalities) for a huge number of queries and (ii) hyper-parameter tuning.
This technique is the first one (best to our knowledge) to provide the singleton framework
for summarizing the information from multi-table queries into one neural-network based model.
Because of this property, the estimation time (inference/prediction time) of the MSCN model is
competitive to the traditional statistical-based estimators. At a high level, MSCN yields much
less run-time efforts (estimation time and storage) while incurring huge compile-time efforts
(model training). Thus, this technique fails to achieve good accuracy in dynamic environments
with frequent data-updates because the model needs a significant amount of time to incorporate
the updated data. This behavior is also evident in the recent empirical study [60].
In contrast, GridSam is more like unsupervised-learning methodology as it does not employ any assumptions regarding query workloads to build the grid overlays. It designs and
constructs the required data structures for the estimation from the data itself. GridSam tries
to approximate the correlations between attributes and underlying data-distribution using dynamic sampling with simple extrapolation from the confined query-specific region of the grid
overlay to limit the Zero Sample Problem. Because of a highly parallelizable design of GridSam,
it achieves a competitive accuracy even with orders-of-magnitude less building time. We compare GridSam with MSCN in terms of both accuracy and estimation time in the experiments
and evaluations shown in Chapter 6.
2.3.1.2

Lightweight NN-based Model (LWM)

To estimate the cardinalities of the queries containing multi-dimensional range predicates from
a single table, this paper has [23] proposed the lightweight regression models such as neural
networks and tree-based ensembles for faster prediction and lower memory usage. The exam-
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Figure 2.3: Example of the Architectures of the Lightweight Models [23]
ple lightweight models are shown in Figure 2.3. These models follow the supervised-learning
methodology – learning from the properties of the queries in the training set and their corresponding true cardinality labels. They try to learn the “complex” non-linear cardinality
functions of different query templates using their respective query instances and true cardinality labels that are seen while training. In the context of this paper, the term lightweight is with
respect to run-time efforts (estimation time and storage).
To effectively handle the large differences in the cardinalities across different query templates, this technique has proposed to apply the log-transformation to the true cardinality
labels during the training of the model. Further, this technique has also proposed to include
the values of lightweight heuristic estimators (easily and efficiently computable) such as AVI
(Attribute Value Independence), EBO (Exponential BackOff) and MinSel (Minimum Selectivity) into the input features of each query along with its identification properties (i.e., attributes
and associated predicate constants). These heuristic estimators help the models differentiate
between queries with significant cardinality difference but similar range predicates.
These models only support single-table range predicates in conjunction. They achieve significantly better accuracy compared to traditional statistical-based estimators. While achieving
so, they incur very small run-time efforts (estimation time and storage) because of the smallsized models, even without GPU. However, they suffer from the common limitations of the
supervised-learning techniques regarding huge training overheads similar to MSCN. Same as
MSCN, they also suffer from the query workload drift as they need to fully update the model.
The recent study [60] has shown that the lightweight models incur significant estimation errors
in data environments with frequent data-updates. In this work, we have compared GridSam
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Figure 2.4: Overview of the NARU Estimator Framework [62]
with NN-based (neural-network based) lightweight model (LWM) for experimental evaluations
and comparisons.

2.3.2

Unsupervised-Learning Models

Several unsupervised-learning models (e.g. [62, 31, 35]) have been proposed for cardinality
estimation. In general, while training, they read the tuples from the table and try to construct
the approximate joint data-distribution mainly using the deep learning models such as deep
autoregressive model. Then, while predicting, the estimation for the query can be acquired by
probing the corresponding model single or multiple times. The model needs to be retrained
and re-tuned to capture the updated joint data-distribution in case of data-updates. We have
reviewed the unsupervised technique called NARU [62] in detail in the subsequent subsection.
2.3.2.1

Neural Relation Understanding (NARU)

NARU [62] summarizes the data-distribution and the correlations of a table in an unsupervised
manner by providing a neural cardinality estimator for the single-table scenarios. NARU approximates the joint data-distribution in its full form without any attribute value independence
assumption. It leverages the conditional probability distribution function, learned using the
deep autoregressive models (e.g. [58]) suggested in the literature. NARU is trained using the
maximum likelihood principle as an optimization function to learn the full conditional probability distribution of the data. Figure 2.4 shows the general framework of NARU estimator,
which reads the batch of random tuples in each epoch and factorize the joint distribution in
the form of conditional distribution to train the autoregressive model.
NARU inherently provides the ability to estimate the cardinalities of equality predicates on
numeric and categorical attributes in conjunction directly using the deep autoregressive models.
To achieve good accuracy for high-dimensional range predicates efficiently, NARU introduced
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the new Monte-Carlo integration technique called progressive sampling, which navigates the
sampling to high probability density regions. An important point to note is, analogous to the
progressive sampling of NARU, GridSam performs random sampling from the query-specific
region (high probability density region) of the grid overlay. Because of NARU’s unsupervised
data-driven nature of learning, it can support a large set of queries compared to supervisedlearning models, and it is inherently amenable to query workload drifts.
NARU yields a much superior accuracy than statistical-based estimators and other recent
learned-estimators for the static single-table dataset scenarios. NARU incurs higher estimation
time compared to industrial statistical-based techniques but practical in data-warehouse environments. However, even with GPU-based training, NARU incurs huge training overheads to
achieve significantly better accuracy. It is evident from the recent study [60] that, in data environments with frequent updates, NARU incurs large estimation errors because of the significant
training overheads to incorporate new data into the model. In our experimental evaluation,
we compare GridSam with NARU in various aspects and show that GridSam can achieve competitive accuracy compared to NARU even with orders-of-magnitude less building time. We
also showed in Chapter 1 that NARU with lower training efforts incurs large estimation errors
compared to GridSam.
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Chapter 3
Grid Overlay Design Parameters and
Construction
This chapter discusses the design parameters selection and construction of grid overlays on
relational tables, with the end objective of enabling focused sampling. The random sampling
from the confined query-specific region can reduce Zero Sample Problem rate and, therefore, can
improve the estimation quality. It is verified from the empirical evaluation shown in Chapter 6
that decreasing the Zero Sample Problem rate improves the estimation quality significantly.
While constructing the grid overlay, an exponentially large number of possible combinations
concerning design parameters exist – (Power Set of e-attr × number of partitions per dimension
from the respective set of attributes). We propose a greedy methodology targeted towards
reducing the Zero Sample Problem to decrease the number of possible combinations to consider
while designing the grid overlay. It also determines the number of partitions for each dimension
and provides the “effective” choice of design parameters for constructing the grid overlay that
decreases the Zero Sample Problem rate. We assume that there is a memory budget M within
which the overlay should be accommodated. As of now, we are only considering the singe-table
dataset scenario. Later in this chapter, we introduce the additional design parameters for the
dataset with multiple tables. We propose the following design steps that need to be considered
to construct the grid overlay:
1. Determine the ranking of the error-prone attributes with respect to each attribute’s vulnerability to Zero Sample Problem. This gives the priority ordering for adding attributes
in the grid overlay as dimensions to reduce the overall Zero Sample Problem rate.
2. Determine the number of attributes (top k attributes, where k ranges from 1 to total
number error-prone attributes in the table) in the previously defined order which should
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be used as the dimensions of the grid overlay.
3. Determine the number of partitions for each grid-attribute (attribute chosen as a dimension in the grid) within a given memory budget M .
4. Finally, create the linear scale (an array of boundary values or partitions boundaries) for
each grid-attribute based on its corresponding number of partitions.
The first two from the design steps mentioned above are responsible for selecting the set of
grid-attributes, which we refer to as g-attr . The last two steps are responsible for determining
the array of partition boundary values for each grid-attribute with its size. In this chapter,
we explore these design issues in detail. Moreover, the parallelism offered by the GPUs can be
leveraged to efficiently perform above-mentioned steps. We used the GPU to efficiently perform
the data-parallel tasks in each of the steps mentioned above. The experimental evaluation
suggests that, with the GPU’s support, the overall time taken on determining design parameters
and constructing the grid overlay can be much lower (a few seconds) compared to the total
training and tuning time of learned-estimators (several minutes to hours).

3.1

Ranking of the Error-Prone Attributes

Our first question is the determination of the ranking order of e-attr (set of error-prone attributes), the set of all table-attributes in the order of most vulnerability to the Zero Sample
Problem. Here, we assume that e-attr is a set of all attributes from the concerned table. We
introduce the metric ZSP-score for each attribute from e-attr , which quantifies the magnitude
of the Zero Sample Problem with respect to that attribute. In simple words, ZSP-score of
an attribute denotes the vulnerability to cause the Zero Sample Problem for a query by the
respective attribute. We use the following methodology based on attribute data to determine
the ZSP-score.

3.1.1

ZSP-score of an Attribute

The idea is to assign a higher ZSP-score to the attribute which has more likelihood of causing
the Zero Sample Problem. We define a metric ZSP-score as the percentage of queries from a
synthetically generated query workload that resulted in Zero Sample Problem on the sampled
evaluation. To determine the ZSP-score for each attribute in e-attr , we synthetically generate n
queries containing a single equality (or narrow-range) predicate on the respective attribute. The
predicate constant will be randomly chosen from the attribute data (to represent distributional
skew of the attribute) or data-domain (uniformly between a minimum and a maximum value
of the attribute), equally. Then, we run this query set (ZSP-testing query set) on a single
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random materialized uniform samples of size S from the respective table. Then, ZSP-score of
an attribute is simply the percentage of queries that have an empty output.
We determine the ZSP-scores of all attributes considering that all attributes are equally
likely to appear in the final query set for which the estimation needs to be performed. Note
that, in the ZSP-testing query set, the predicate constants for all queries have followed the
data distribution and the uniform distribution in an equal proportion. Thus, the ZSP-score
of an attribute will represent the complexity in data distributional skew and data-domain size
(i.e., this procedure probably assigns relatively higher ZSP-scores to more “complex” attributes
with properties such as relatively large data-domain and significant distributional skew in the
attribute data).
The decreasing order of the ZSP-scores determines the ranking order for the attributes. The
ZSP-score of each attribute will also be used to determine the number of partitions required
for the respective attribute, as described in Section 3.3.

3.1.2

Integrating Real-World Query Workload with ZSP-scores

Suppose a representative query workload is available from the users. In that case, we augment
our ZSP-testing query set with all equality (or narrow-range) predicates on the respective
attribute under consideration from the given real-world query workload. This helps capture
the distribution and frequency skew of the query predicates (predicate occurrence patterns) in
the real-world query workload. We have augmented the ZSP-testing query sets of all attributes
with the synthetically generated testing query workloads for the experiments. These testing
query workloads are the same as the workloads which we used for the evaluation in Chapter 6.
Integrating the knowledge of query predicates distribution of the representative query workload to assign the ZSP-score can be quite helpful in the example cases mentioned as follows:
1. Some attributes may rarely appear in the representative query workload. Thus, even if
the attributes have “complex” data properties as mentioned earlier, they may get lower
ZSP-scores compared to frequently occurring less “complex” attributes.
2. Some attributes rarely or may not be associated with equality (or narrow-range) predicate.
Thus, they may not cause the Zero Sample Problem frequently even if they are frequently
occurring in the real-world query workload.
3. The combination of some set of attributes may appear frequently or rarely.
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3.1.3

Exploiting Parallelism to Calculate ZSP-scores

This task of determining ZSP-score of an attribute can be easily and efficiently performed
on a GPU for each attribute from e-attr , as sampled values and ZSP-testing query sets of
all attributes are independent of each other. For each attribute from e-attr , after copying the
sampled values of the corresponding attribute to the GPU-memory, each query from ZSP-testing
query set of a corresponding attribute has assigned to one core of a GPU. The corresponding
GPU-core evaluates the assigned query’s predicate on sampled values and determines whether
the query resulted into the Zero Sample Problem or not. If a query resulted into the Zero
Sample Problem, the corresponding GPU-thread increments the atomic counter, which denotes
the final ZSP-score of the corresponding attribute. The number of queries in ZSP-testing query
set can be very large as current state-of-the-art GPUs can easily have thousands of cores.

3.1.4

Capturing Correlations into ZSP-scores

The correlation between the combination of attributes may also cause the Zero Sample Problem.
To determine the highly correlated attributes that could lead to Zero Sample Problem, we
compute the ZSP-scores for all attribute pairs. The ZSP-testing query set of each attribute
pair contains n queries with two individual equality (or narrow-range) predicates on each of
the respective attributes. For simplicity, we restrict ourselves with only pairs of attributes
for capturing the correlation into ZSP-score. Similar to the procedure described earlier, the
predicate constants of both predicates in the ZSP-testing query set of each attribute pair have
been randomly chosen from the data, the data-domain, and the query workload if available
from the users, equally. Then, we run these queries on a single materialized random uniform
samples of size S to determine the percentage of queries with empty output – this number
constitutes the ZSP-score for the corresponding attribute pair. The ZSP-score of an attribute
pair quantifies the vulnerability to the Zero Sample Problem because of the correlation between
the respective attributes. This task of determining ZSP-score of an attribute pair can be easily
and efficiently performed on a GPU in the same way as explained earlier for the single attribute
case.

3.1.5

Example of ZSP-scores on Real-World Dataset

Following are the ZSP-scores of all seven individual attributes from the Power dataset [4] in
the decreasing order: attr1 : 84, attr3 : 83, attr5 : 36, attr2 : 34, attr6 : 33, attr4 : 23, attr7 : 12.
Here, attr1 and attr3 have large ZSP-scores mainly because of their relatively large data-domain
sizes (2837 and 4186, respectively). Despite attr5 having a small data-domain size of 88, it has
the third-highest ZSP-score mainly because of the skewed distribution in the values. Here, for
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simplicity, we are not showing the ZSP-scores of all attribute pairs. Note that these ZSP-scores
represent the relative vulnerability to the Zero Sample Problem between all attributes. For
example, attr5 may cause the Zero Sample Problem much less frequently compared to attr1
and attr3. Both attr3 and attr1 are equally vulnerable to the Zero Sample Problem. Thus,
more partitions should be assigned to attr1 and attr3 compared to attr5 to decrease the overall
Zero Sample Problem rate of the query workload as highlighted in Section 3.3.
We also calculated the variance of the ZSP-scores for all seven attributes for various sizes of
ZSP-testing query set (n) ranging from 1000 to 50,000. The maximum variance among all ZSPscores of all seven attributes is 0.73. So, the empirical evaluation shows that the ZSP-scores
are accurate within the slight variance of 0.73, which is acceptable. For all seven attributes
of the Power dataset, the overall time for determining the ZSP-scores of all attributes and all
attribute pairs is only around tens-of-milliseconds using the GPU.
The ZSP-score of each attribute from e-attr determines the order of priority in which the
attributes should be added to the grid overlay.

3.2

Selecting the Grid-Attributes

Given a memory budget M , two important parameters remain to decide as follows for constructing the grid overlay once the ranking of e-attr has been decided:
1. The number of attributes in g-attr (the subset of e-attr represented as dimensions of the
grid overlay) – k.
2. Number of partitions for each attribute in g-attr – pi (described in the Section 3.3 of this
chapter).
A similar methodology, which is used to rank the e-attr , can also be applied here.
We construct total ne (size of e-attr ) grid overlays with k attributes as dimensions in the
ranking order defined using the ZSP-score of each attribute in e-attr . Here, k (size of g-attr )
ranges from 1 to ne . This considers that the attribute with a higher ZSP-score must be present
in the grid overlay if the attribute with a lower ZSP-score is already present. Note that we
use the same memory budget M for all ne grid overlays. To complete the bigger picture first,
the details for determining the number of partitions for each attribute in g-attr , constructing
the linear scale (partition boundary values) based on the number of partitions using GPU,
constructing the grid overlay using GPU, and performing dynamic query-based sampling on
the grid overlay using GPU have been elaborated in the subsequent sections and chapters.
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Each of the ne grid overlays is evaluated upon a query set of size n which is generated using
the same philosophy of the ZSP-testing query set. Each query in this query set (Grid-testing
query set) contains the random number of equality (or narrow-range) predicates on randomly
chosen attributes from e-attr in conjunction, and predicate constant for each predicate of a
query has randomly chosen from data or data-domain. The Grid-testing query set can also be
augmented using the real-world query workload if it is available. This generation procedure
of the Grid-testing query set enables it to equally contain all possible combinations of query
conjuncts for equally representing predicates on dimensional and non-dimensional attributes.
For each grid overlay and for each query from the Grid-testing query set, we draw the S
number of query-based dynamic samples from the grid overlay using the procedure described in
Chapter 4 and determine the percentage of queries that resulted into the Zero Sample Problem.
This denotes the ZSP-score – Gzsp (k) for the respective grid overlay with k grid-attributes.
Finally, for query estimation, we use the value of k for which Gzsp (k) is minimum. This
final grid overlay essentially represents the effective number of necessary grid-attributes with
the memory budget M , and how the total number of cells needs to be divided among gridattributes to bring down the overall Zero Sample Problem rate. The Grid-testing query set can
be divided into multiple batches to execute them in parallel. Moreover, we show in Section 3.4
that constructing the grid overlays, which is a part of this solution, is extremely cheap using
GPU (just takes a few hundred milliseconds with around 2 million rows), which makes this
procedure much cheaper.

3.3

Creation of Linear Scales

Let g1 , g2 , . . . , gk be the k grid-attributes in g-attr (the subset of e-attr represented as dimensions
of the grid overlay) for the respective table. The elaboration for how k has been chosen is given
in the previous section. We now create a linear scale for each of these grid-attributes (an array
of partition boundary values) with pi number of partitions for attribute i. First, we look at
how we determine the boundary values given the number of partitions (pi ) for the respective
grid-attribute. Then, we propose a methodology based on the ZSP-scores of the grid-attributes
to determine the number of partition boundaries – pi .

3.3.1

Determining Partition Boundary Values

Given pi , the partition boundary values are chosen from data-distribution itself, equivalent to
those produced from an equi-depth histogram with pi buckets on the attribute. A naive way to
generate an equi-depth histogram is by sorting the attribute, which is very costly with big-data
and single-core implementation. Again, it is well-known that GPU-based sorting can be quite
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efficient (i.e., even the array of size 1 million can be sorted in a few milliseconds). Here, we
assume that the entire column of an attribute can be stored inside the GPU-memory, which is
a safe assumption to make as state-of-the-art GPUs easily have 16/32 GB of main memory. As
the table is stored in a row-order and the entire table may not be able to fit into GPU-memory,
the table can be logically divided into multiple batches. For each batch of rows, the GPU-kernel
can be launched, which assigns one row to one GPU-core, and the corresponding GPU-thread
copies the attribute value on the desired location. Once we have all values of the attribute inside
the GPU-memory, sorting can take place. After that, to choose the histogram boundaries, the
GPU-thread for each value of the sorted attribute can be called, and appropriate GPU-threads
corresponding to boundary values write the attribute value to GPU-memory. Note that, as this
resultant array of partition boundary values may not be sorted, it needs to be sorted before
copying back to CPU memory.
Although a naive way to generate an equi-depth histogram is cheap and feasible using GPU,
the cheaper approximate techniques based on sampling (e.g. [21]) can also be used which do
not require GPU.

3.3.2

Determining the Number of Partitions for all Dimensions

A simple solution to determine pi would be to use the same granularity on all dimensions, i.e.,
√
pi = k E where E is the number of cells that can be accommodated in the grid overlay, derived
from the memory budget M . However, the specific data characteristics of each dimension could
be leveraged using its ZSP-score to provide a customized partition cardinality while obeying
the overall E grid cell constraint. The idea is to assign more number of partitions to the
attributes that are more likely to cause the Zero Sample Problem. So, based on the ZSPi -score
corresponding to each gi , the assignment of the number of partitions to gi is based on the value
of ZSPi -score normalized to the sum of all ZSP i -scores. Specifically, suppose we denote Z =
ZSP 1 + ZSP 2 + ... + ZSP k , the following equation determines pi .

pi = E (ZSPi /Z)

(3.1)

Here, ZSPi -score and ZSPi are used interchangeably. Moreover, the experiments in Chapter 6 show that these selection criteria of choosing the grid-attributes (Section 3.1 and Section 3.2) and determining the number of partition boundaries for each grid-attribute achieve
significantly better accuracy compared to the grid overlay on randomly chosen grid-attributes
with an equal number of partition boundaries.
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3.4

Creation of Grid Overlay & Populating Grid Cells

Using the array of partition boundary values of the grid-attributes as described in Section 3.3,
we create a memory-resident multidimensional array G containing Πi=k
i=1 pi number of grid cells
which obeys the constraint on the total number of grid cells E. The grid cells are initially
empty but are progressively populated without using GPU and with using GPU as described
in subsequent subsections.

3.4.1

Constructing Grid Overlay Without using GPU

A sequential scan of table T is carried out, and for each row r in the table, we use its values
for the g-attr attributes as a multi-dimensional index into G. Then, we insert a tuple identifier
(TId ) of the row in the associated cell c of G.
There are two ways to populate the grid overlay – the first would be to build the grid file
as described in the paper [53], with splitting and merging of grid cells based on a maximum
cell occupancy. The simpler alternative, which we use here, is to instead permit grid cells to
have, in principle, arbitrary occupancy – this is achieved through the “vector” feature of the
STL library in Cpp [2], which automatically reallocates the memory so as to retain the array
structure. Specifically, the size of the array is increased by 50 percent each time there is a cell
overflow, and this dynamic design provides constant amortized insertion cost. Total time for
creating the grid overlay without using GPU takes a few seconds for 2 million rows of the Power
dataset [4].

3.4.2

Constructing Grid Overlay using GPU

Instead of creating on a main-memory of the CPU, we can create a multi-dimensional array G
on the GPU’s main-memory. First, all the rows (or batch of rows) of the dataset need to be
copied from CPU-memory to GPU-memory. Then, the grid cells are initially empty but are progressively populated as follows: each row r of a table will be assigned to a one GPU-core. The
corresponding GPU-thread will atomically insert the TId of the row in the associated grid cell
c of G. For the GPU as well, we used a “vector” like implementation to support arbitrary grid
cell size. The total time taken to create the grid overlay on GPU-memory, including allocating
memory for the grid overlay and copying all the rows (or the batches of rows) of the table into
GPU-memory, is extremely low. We evaluated this with the 2 million rows of Power dataset [4]
by constructing a 5-dimensional grid overlay which only took around a few hundred milliseconds. Note that we do not need to copy a multi-dimensional array G back to CPU-memory
from GPU-memory as grid-based dynamic sampling can also be performed on the GPU itself
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as described in Chapter 4. Suppose the table cannot be fitted into GPU-memory. In that case,
the table can be easily divided into multiple batches of rows, and the process mentioned above
of populating the grid cell can be repeated for each batch of the table.
To make the above concrete, a sample two-dimensional grid overlay for a generic table T is
shown in Figure 1.3 of Introduction. The attributes T.a and T.b form the dimensions, and the
corresponding linear scales are shown on the axes. The “vector” tuple identifiers (TIds) and
their total count (N ) are shown within each grid cell.

3.5

Handling the Data-updates for GridSam

In the case of dynamic updates of the rows, only “vector” of the corresponding grid cell needs
to be altered, which is a very cheap operation. Therefore, this grid overlay can easily support
online updates to the dataset. Moreover, updates corresponding to different grid cells can be
done in parallel. Here, we assume that the updates are going to be mostly “appends”. In case of
major updates to the dataset, although redesigning and reconstructing the grid overlay is cheap,
there is no need to redesign the entire grid overlay by performing all the design steps explained
earlier, unless the changes in data-distribution of attributes lead to the significant change in
the ZSP-scores of the respective attributes relative to the ZSP-scores of other attributes. We
can periodically compare the previous and current ZSP-scores of all the attributes in e-attr .

3.6

GridSam with Joins: Grid Overlays for Multi-Table
Queries

As highlighted in [46], the Zero Sample Problem is particularly pronounced in the case of
join-crossing correlations. So the solution that they proposed, called IBJS, was to leverage
the presence of indexes as follows: A starting table from which initial samples are drawn is
selected, and subsequently, the join order path is followed by drawing index-joined samples
from the respective tables in the path and the filter predicates from the respective table in
the join path are also being applied. There are certain limitations with the IBJS approach as
follows:
1. The Zero Sample Problem can occur after applying filter predicates on join-samples (or
initial-table samples) of any table from the join path.
2. The indexes like B-Tree and ART (Adaptive Radix Tree) [44] proposed to be used in [46]
follows the hierarchical structure, which might be costly with query and database scale.
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Figure 3.1: GridSam for Joins: GridSam with the Framework of IBJS
As shown in Figure 3.1, GridSam can be easily incorporated in the framework suggested for
IBJS in [46] by constructing the grid overlays for multiple tables in the schema. However, a
difficulty in the context of GridSam with the above approach is that while the initial samples
can be taken from the grid overlay of the starting table, these samples are disconnected from the
samples taken from the subsequent overlays, which again runs the risk of Zero Sample Problem.
Therefore, we take recourse to construct the grid overlays with grid-attributes from the other
tables, which can essentially be in the join path, along with the grid-attributes from the same
table.

3.6.1

Grid Overlay with Foreign Attributes

The grid overlay for a table is constructed not only with the native attributes of the table
but may also feature foreign attributes sourced from other tables. In particular, we consider
PrimaryKey-ForeignKey (PK-FK) join attributes from the database schema graph and include
those attributes that are likely to run into Zero Sample Problem issues. The process for determining these attributes is similar to that of the native attributes, described in previous sections,
with the propensity for ZSP-score being used to determine the need to include a specific foreign
attribute in the overlay – these ZSP-score statistics are determined by explicitly computing the
joins on the table samples and evaluating their outcomes.
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Figure 3.2: Grid Overlay Example for Join (t1.a=t2.c)
Moreover, we propose to use learned-indexes [42] in place of other traditional indexes proposed in [46] as it has much lower and constant probing cost compared to others [41]. The
details for incorporating learned-indexes to GridSam are described in Section 3.9.
A related point to note is that while populating the grid cells when foreign attributes are
included in the grid overlay, the tuple identifiers (TIds) of only the source table are maintained
in the grid cells. To make the connections between the rows of the two tables, the learnedindexes, discussed in Section 3.9, are used. To make this construction clear, a sample grid
overlay including foreign grid-attribute is shown in Figure 3.2 for the schema containing tables
t1 and t2, where the grid-attributes are relevant to filter predicates on t1.b and t2.d, and a
learned-index is used to connect the join attributes t1.a and t2.c.
In general, the grid overlay of a table can include foreign attributes from any other table
with which it has either direct or transitive key-based relationships under the memory budget
constraint. Note that, in order to create the grid overlay containing foreign grid attributes using
GPU, all the foreign tables (tables that contain foreign grid-attributes) or the columns of the
foreign attributes need to be fitted in GPU-memory. The local base-table can be divided into
multiple batches if they cannot be fitted into GPU-memory. However, foreign tables cannot be
divided as the order of rows in the respective batch of the foreign table may not be consistent
with the storage order of the join attribute in the corresponding batch of the local table. So, the
grid overlay containing foreign grid-attributes needs to be built without using GPU if foreign
tables or columns cannot be fitted into GPU-memory. We plan to support the construction of
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the grid overlay containing foreign grid-attributes using GPU as a part of future work.

3.7

Assigning Memory to Multiple Tables from the Total
Memory Budget

This section discusses the issue of dividing memory to multiple tables in the database schema
to build a grid overlay per table, given a fixed total memory budget of M . The simple solution
is to divide the total memory budget M equally to all the tables in the schema. This may not
be an “effective” choice to bring down the rate of Zero Sample Problem mainly because of the
following reasons:
1. Some tables may not contain attributes with “complex” data properties, and thus, they
may not need to build the grid overlay.
2. Different tables may contain different numbers and magnitudes of “complex” attributes,
and thus, they need different sizes of memory to build a grid overlay.
We propose the following methodology based on ZSP-score, which takes care of both of the
above issues.
Let T1 , T2 , . . . , Tt be the t tables in the concerned database schema. Each table Ti has its eattr (set of error-prone attributes), and as described in Section 3.1, ZSP-score of each attribute
from e-attr has been calculated. We define Tzsp (i), the ZSP-score for the table Ti , which is
an arithmetic mean of the ZSP-scores of all attributes from e-attr of the table Ti . Here, we
used arithmetic mean as an aggregation function mainly because ZSP-score of each attribute
is independent of each other, and each table in the schema can have a different number of
attributes. Tzsp (i) denotes the vulnerability to the Zero Sample Problem of the table Ti relative
to other tables in the schema. Tzsp (i) will have a relatively higher value if table Ti has more
“complex” attributes relative to other tables in the schema. The idea is to assign more memory
bytes to the tables that contain more “complex” attributes in magnitude and number.
So, based on the Tzsp (i) score corresponding to each Ti , the assignment of the memory to
Ti is based on the value of Tzsp (i) normalized to the sum of all Tzsp (i), same as described in
Section 3.3. Specifically, suppose we denote Tzsp = Tzsp (1) + Tzsp (2) + ... + Tzsp (t), the following
equation determines Mi (memory budget for table Ti ).

Mi = M × (Tzsp (i)/Tzsp )

(3.2)

Computing Tzsp (i) for each table is cheap as it just requires doing the arithmetic mean of the
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ZSP-scores of all attributes.

3.8

Determining the Number of Tables to Build Grid
Overlays

The Tzsp (i) score to each table Ti also determines the order of priority in which memory should
be assigned. Analogous to the methodology described in Section 3.2, given the fixed memory
budget M , the number of tables for which the grid overlay needs to be built can be determined
by the following steps:
1. Divide the total memory budget M to gt number of tables (number of tables selected to
build grid overlays) in the schema based on their respective Tzsp (i) values, where gt ranges
from 1 to t.
2. Build the grid overlays on gt tables in the decreasing order of their Tzsp (i) values (i ranges
from 1 to t) within assigned memory budget. The grid overlay of the corresponding table
uses g-attr as the dimensions. The g-attr of each table is determined using the procedure
described in Section 3.2.
3. Evaluate all these t configurations (grid overlays on gt tables, Memory budget M ) for
Multi-Grid-testing query set on S query-based dynamic samples and determine the ZSPscore of each configuration. The procedure to build a Multi-Grid-testing query set is
described later in this section.
4. For cardinality estimation, choose the configuration with minimum ZSP-score among all
t configurations.
Within a fixed memory constraint, in order to bring down the rate of Zero Sample Problem,
this final schema configuration (all the grid overlays in the schema together) represents the
necessary tables to build the grid overlays and how much memory is required for each table.
Note that each query in the Multi-Grid-testing query set contains the random number of
randomly selected tables from the schema. For each table, the query contains the random
number of equality (or narrow-range) predicates in conjunction on random attributes from eattr of the corresponding table. The predicate constant for every predicate of each query has
randomly and equally chosen from data, data-domain or query workload if available.
In total, using assigned memory budget, we need to build and do sampled evaluation of
Pi=t
i=1 ne (i) number of grid overlays in order to identify the g-attr for all tables Ti in the schema
using Grid-testing query set, where ne (i) denotes the size of e-attr for table Ti (Section 3.2).
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After that, we need to build and do sampled evaluation of t×(t+1)
grid overlays using the same
2
g-attr to determine the ZSP-score of all t configurations using Multi-Grid-testing query set.
As the construction of the grid overlay is extremely cheap on GPU or only needs a single pass
on the corresponding table on CPU, and sampled evaluation of the corresponding query set is
cheap, this procedure can be completed in a reasonable amount of time. As the complexity of
this procedure mainly depends on t (number of tables in the schema), this procedure can be
costly for a large value of t. We used the IMDB database [5] containing six tables, which is
also suggested in the paper [40] for the experiments. We show that this entire procedure of
determining the design parameters and constructing the required grid overlays for multi-table
schema can be completed in a few hundred seconds.

3.9

Learned-Indexes for Join Sampling

We now turn our attention to the choice of indexes for connecting the joining tables after
sampling from the initial overlay table. In the IBJS technique [46], they considered both Btrees, as well as a customized hash-based alternative called ART [44], intended for faster probes.
However, a common feature of both these techniques is the recursive traversal of hierarchical
structures, which may become expensive with database and query scale. We have therefore
chosen the alternative of the recently proposed learned-indexes [42] which incurs a constant
probing cost that is substantially lower than traditional indexes and reduces space overheads –
in fact, a recent detailed study [41] of a variety of indexes shows that learned-indexes are the
preferred choice and incur sufficiently low training time. For the experiments and evaluations,
we used the implementation of learned-index provided by the authors on GitHub [9].
A requirement, however, with learned-indexes is that they need to be physically sorted on
the indexed attribute. This creates a problem if multiple learned-indexes need to be built on
a table since the table cannot be simultaneously sorted on all these attributes. Therefore, we
need to incorporate auxiliary data structures to adapt the learned-index to the IBJS framework.
Specifically, we need to be able to compute the following.
1. Given the position, what is the corresponding value?
2. Given the value, what is the corresponding position?
The first query is automatically supported as we do not change the physical data layout of
the table. To support the second, a mapping is required from the sorted position of the key
to its physical position. For this purpose, we temporarily copy each attribute into an array on
which a learned-index has to be constructed, then sort the array, and finally build the learnedindex on this array. Again, the power of GPU can be leveraged to sort the attribute and train
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(a) Building Learned-Index on Unsorted Attribute T.a

(b) Using Learned-Index to get Physical Location

Figure 3.3: Learned-Index for Unsorted Attributes
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the learned-index. An example is shown in Figure 3.3a where a learned-index for unsorted
attribute T.a is created using the RMI (Recursive Model Index) framework of [42].
Concurrently, we create a mapping from the sorted logical position to the physical position
in the original table. This mapping is subsequently leveraged at index usage time to quickly
locate the physical position. Figure 3.3b shows an example where the learned-index is probed
with key 7, which gives the first TId of a key 7 in a sorted array which is 6 (starting from 0).
Then, we lookup the TId 6 into the auxiliary mapping a∗ of an attribute a, which will give us
the first TId of a key 7 into the original unsorted table.
It is possible that given primary key maps to multiple foreign key entries in the join index.
So, in order to know the join cardinality for primary key value v, we need to identify the number
of such matching entries. This is done by first probing the learned-index with value v, and then
with one of its adjacent values – either v − 1 or v + 1 – the difference of both the TIds gives
the match cardinality assuming that TIds are continuously allocated.
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Chapter 4
Cardinality Estimation
In the previous chapters, we described the lightweight auxiliary data structures that are constructed at system initialization time. We now move on to describe how these structures are
used to efficiently estimate the result cardinalities of user queries that are submitted to the system. For ease of presentation, the estimation of filter predicates on a single table is described
first, followed by filter predicates across joined tables.

4.1

Single-Table Query

Consider the query of the form shown in Figure 4.1 on the single table T with two attributes
T.a and T.b based on the grid overlay shown in Figure 1.3 of Introduction. Assume for now
that the grid overlay on table T includes both the attributes T.a and T.b as grid-attributes
(dimensions of the grid overlay). Given this situation, the estimation procedure is as follows.
Firstly, the minimum bounding rectangle (MBR) of the query on the grid overlay is identified
using the linear scales on the T.a and T.b dimensions – this MBR is denoted as H. Let the
range of partition indices for H be [p, q] and [r, s] respectively on two dimensions. For the
running example of query presented in Figure 4.1, H is highlighted in the grid overlay of table
T shown in Figure 4.2. The range of partition indices for this query’s H will be [1, 2] and [1,

Figure 4.1: Query Example for Single-Table Estimation Procedure
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Figure 4.2: Grid Overlay with Selected Minimum Bounding Rectangle for the Query Presented
in Figure 4.1
2], respectively, on both dimensions (linear scale index starts with zero for both dimensions).
In this work, we are only considering the queries with AND operators (conjunction of filter
predicates). However, the OR operators can be easily incorporated using the same methodology
as AND operators by applying UNION to the partitions of the respective dimension(s) instead
of INTERSECTION. The H can be identified in the grid overlay by performing the series of
UNION and INTERSECTION operations for a given query containing AND/OR operators. We
plan to conduct the detailed evaluation and performance comparison of GridSam on OR-queries
as part of future work.
We next compute N (H), the volume (total number of tuples) of H. This could be achieved
by accessing each grid cell i ∈ H and aggregating the individual Ni values. This can be very
costly as the number of grid cells in H can be large. However, summing up the array elements is
a heavily parallel task using the algorithm called Parallel Reduction [12]. So it is natural to use
the GPU for this task. Current state-of-the-art GPUs contain thousands of cores, which can
efficiently compute the sum of all elements of an array using the parallel reduction algorithm.
The parallel reduction algorithm is described later in this section. The GPU can complete this
task literally in microseconds, even for an array with a size in millions.
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From the estimation perspective, N (H) denotes the volume (total number of tuples) of the
new sample space of the concerned query. For the running example of the query, N (H) will
be equal to 10,904. N (H) will be further used for the extrapolation of the query’s result count
after the sampled evaluation.
Then, given a total sampling budget of S tuples, a weighted sampling budget, S(celli,j ), is
assigned to each non-empty grid cell (i, j) in H as follows.

S(celli,j ) = b

N (celli,j )
× Sc if N (H) > S
N (H)

(4.1)

S(celli,j ) = N (celli,j ) if N (H) ≤ S
Subsequently, the tuple contents of each grid cell are randomly sampled as per the assigned
budget. Again, iteratively performing weighted random sampling for H containing a large
number of grid cells can be very costly. Thus, we chose to perform this task by leveraging
GPU’s parallel resources. We describe the procedure for weighted random sampling on GPU
later in this section. After getting the random samples, the user query Q is evaluated on these
sampled tuples. Let the result cardinality from the samples be denoted as res cnt(S). Finally,
the result cardinality for Q over the data-space of H (confined sample space of the query Q) is
estimated using the simple extrapolation estimator as:

ResCardQ =

res cnt(S)
× N (H)
S

(4.2)

In general, if query Q does not contain filter predicate(s) on any of the grid-attributes from
g-attr , the partition indices of the respective grid-attributes for H will be set between minimum
and maximum. If filter predicates are not present on the grid-attributes from g-attr , it will
be equivalent to performing random sampling over the entire table. Note that, if the filter
predicates of a query Q are on the attribute set which is a subset of g-attr , the weighted
random sampling would only be performed on the partially covered grid cells by H. The
partially covered grid cells can be easily identified among the grid cells on the boundaries of
H, if the upper and lower partition boundary values of the respective grid cell are not fully
consumed by the boundary values of filter predicates of Q. The predicate boundary values
of Q can be easily determined using the corresponding predicate operator and the predicate
constant(s). The fully covered grid cells of H would directly be incorporated in ResCardQ
without extrapolation. Apparently, for the running example query, all grid cells in query’s H
are on the boundaries of H and partially covered as well as shown in Figure 4.2. So, weighted
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Figure 4.3: Parallel Reduction
random sampling needs to be performed on all grid cells of this query’s H.

4.1.1

Parallel Reduction

As shown in Figure 4.3, the parallel reduction algorithm works in the following way:
1. Assume that there are N elements in an array, N/2 GPU-threads will be initially invoked
- one GPU-thread for every two elements (denoted by the addition operators of the first
iteration in Figure 4.3).
2. Every GPU-thread is responsible for computing the sum of the corresponding two elements. Then, as shown in Figure 4.3, every GPU-thread stores the result of the sum at
the position of the corresponding first element.
3. Iteratively, for each step:
(a) The number of GPU-threads is going to be halved (e.g. if initially, 4 GPU-threads
are invoked, then in the next iteration, it is going to be 2, and then 1).
(b) The step size between the corresponding two elements is going to be doubled, respectively (denoted by the coloured boxes in Figure 4.3).
4. After log2 N iterations, the result of parallel reduction (total sum of an array) will be
stored in the first element of the array.
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Note that we do not need to copy the entire multi-dimensional array G of the corresponding
grid overlay (stored in row-major order) to the GPU-memory if it is already constructed in
the GPU-memory itself. While summing up the total number of tuples of H using the parallel
reduction algorithm, we use the entire grid overlay array G. The reason is that the grid cells
corresponding to H may not be contiguous. However, we consider only grid cells that belong
to H and ignoring other grid cells.

4.1.2

Weighted Random Sampling within H

There can be a large number of grid cells within H, especially in the case of a large memory
budget. The weighted random sampling needs to be performed for each non-empty grid cell
that belongs to H. The naive way to do this is by iteratively scanning each grid cell that
belongs to H, and perform weighted random sampling if it is non-empty. As the number of grid
cells in H can be very large, this may be a very costly operation and can significantly hurts
the overall estimation time. Again, identifying the non-empty grid cells and fetching random
samples from the non-empty grid cells are heavily parallel tasks. Each grid cell can be checked
independently whether it is non-empty and belongs to H or not.
The GPU can be easily leveraged for these tasks. As current GPUs usually handle hundreds
of thousands of active threads, each grid cell can be assigned to one thread of a GPU to check
whether it belongs to H of the query and non-empty or not. If the respective grid cell belongs
to H of the query and non-empty, then the TIds of random samples from the respective grid
cell can be written directly to GPU-memory. If the total number of grid cells is larger than
the maximum number of active GPU-threads, the GPU-scheduler divides the array of grid cells
(G) in the batches of size equal to the maximum number of active threads possible in the GPU.
These batches run serially on the GPU. This should not be an issue for even a very large array G
with millions of grid cells, as the state-of-the-art GPUs can support several hundred thousands
of active GPU-threads simultaneously.
In the experiments, we observed that these tasks could be completed within several milliseconds using the GPU, even with the half-a-billion grid cells in G. After copying back the TIds
of random samples from GPU-memory to CPU-memory, the respective query can be evaluated
to get the estimates using CPU. The experimental evaluation shows that the above GPU-based
algorithms keep the estimation time much lower (a few milliseconds).

4.2

Multi-Table Query

We now consider a sample multi-table query of the form shown in Figure 4.4 based on the grid
overlay shown in Figure 3.2 of Chapter 3 where table t1 has primary-key attribute t1.a and
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Figure 4.4: Query Example for Multi-Table Estimation Procedure
table t2 has foreign-key attribute t2.c. Assume that the dataset schema only contains table t1
and t2. Further, assume for now that the two grid-overlays G (t1) and G (t2) are built for the
table t1 and t2 respectively. G (t1) contains 2 dimensions: one native attribute (t1.b) and one
foreign attribute (t2.d). G (t2) also contains 2 dimensions: one native attribute (t2.d) and one
foreign attribute (t1.b).

4.2.1

Choosing Table for Initial Samples

There can be multiple tables whose grid overlays contain g-attr which are present in the filter
predicates of the query. Ideally, the initial samples should be taken from the table with the
smallest sample space. So, we first determine the N (Hi ) for each table ti which is the total
volume of Hi (hyper-rectangle of the grid overlay for table ti ), based on the set of g-attr
predicates present in the query. Then, we choose the table with the least N (Hi ) to generate
the initial samples in the context of IBJS technique.
If the grid overlay is not built on table ti , then N (Hi ) would be equal to total number of rows
in table ti and sample space would be an entire table ti . If all the tables present in the query
for which the grid overlay is not built, GridSam will behave equivalent to IBJS technique. In
the above example, we compute N (H1 ) and N (H2 ) and choose the table with the lower value.
Note that initial samples from the grid overlay of the respective table are chosen in the same
way as described in Section 4.1.

4.2.2

Estimation Algorithm

After securing the samples from the chosen initial table, the following subsequent process for
traversing the join graph and obtaining correlated join-samples is similar to that of IBJS technique:
1. In order to choose table from t1 and t2 to draw initial samples, we compare N (H1 ) and
N (H2 ). For this example query, both N (H1 ) and N (H2 ) are same, as both g-attr present
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in the query are common in both G (t1) and G (t2). So, we can pick any table to start
with from t1 and t2. Let’s assume that we start with table t2.
2. Select S samples using weighted random sampling policy among all qualifying grid cells
of G (t2), as explained in Section 4.1 for the single-table scenario.
3. Apply the predicate of table t2 (i.e. t2 .d ≥ 6 to S samples), and assume that k2 of them
satisfy the predicate. Then, est is updated as:

N (H2 ) × k2
S

(4.3)

4. Select a table with which table t2 can be joined using a key (PK-FK or FK-PK) relationship. In this case, t2 can be joined only with table t1, otherwise select the target table
randomly if t2 joins with multiple tables.
5. Probe the index of t1.a with the value of t2.c for every tuple from k2 samples. Also
maintain the total count(t1 ) variable which stores the number of tuples from table t1 that
join with the k2 satisfied samples of table t2. Update the running estimate as:

est =

N (H2 ) × total count(t1)
S

(4.4)

6. If total count(t1) is more than S, select S random tuples from this set. Then, apply the
filter predicate(s) of table t1 (i.e. t1.b = 8) to S and assume that k1 tuples satisfy the
predicate. Update the running estimate as:

est =

est × k1
S

(4.5)

After the above process terminates, the final est value provides the result cardinality estimation
for the entire query. In general, these estimation steps can be followed for any query with any
number of joins in the path.
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Chapter 5
Experimental Framework
We have carried out a detailed evaluation on the performance of GridSam with regard to the
following measures:
1. Estimation Accuracy: The estimation accuracy of the query result cardinality is
measured using the defacto standard q-error metric [50], defined as

q-error = max(

act est
,
)
est act

(5.1)

where act denotes the actual cardinality, and est denotes the estimated cardinality.
2. Compile-time (Pre-processing) Overheads: This measures the space and time
overheads incurred to determine the grid overlays’ design parameters and constructing
the grid overlays along with learned-indexes.
3. Run-time Overheads: This measures the space and time taken for carrying out the
cardinality estimation at run-time.
Note that we have used a NVIDIA Tesla V100 GPU [18] for the experiments along with CUDA
Programming Interface [3] to implement the GPU-based algorithms in Chapter 3 and Chapter 4.
This GPU has 80 multiprocessors and 64 cores per multiprocessor with warp size of 32, which
makes the maximum number of active GPU-threads equal to 163,840, and that is enough to
efficiently handle the array of size even in billions. Our experiments have been conducted on
a variety of database environments, including those considered in the recent learning-based
studies [23, 40, 60]. The details are given in the remainder of this chapter.
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5.1

Datasets

The following three real-world datasets were considered in our evaluation:
1. Forest [4]: This dataset, previously evaluated in [23], has a single table containing over
half-a-million rows with 54 attributes, several of which exhibit non-linear correlations.
This dataset contains cartographic variables mostly for wilderness areas. Our attention is
restricted to queries on the 10 numeric attributes since the other attributes are all binary.
2. Power [4]: This dataset, also used in [23], has a single table containing electric power
consumption measurements in a household at a one-minute sampling rate over 4 years.
It contains over 2 million rows, and our focus is on 7 numeric attributes in these rows.
3. IMDB [5]: This movie database, which featured in the popular Join-Order Benchmark
(JOB) [6], has a set of 6 tables characterized by correlations that are challenging for
cardinality estimators which is established in [45]. The dataset captures more than 2.5
million movie titles produced over 133 years by 234,997 different companies with over 4
million actors. Note that, for experiments and evaluation, we used the identical replica
of this dataset which is used in the MSCN paper [40] availed by the authors.

5.2

Comparative Estimators

We compare GridSam with the following representative suite of estimation techniques, which
run the gamut from the simple statistical estimators used in current database engines to deeplearning based techniques.

5.2.1

Statistical-based Estimators

1. Postgres [14]: This represents the traditional database estimators which are based on
uni-dimensional histograms along with other statistics and assumptions such as AttributeValue-Independence (AVI) for producing estimations. The configuration parameters of the
installation were tuned using PGTune [13], except the number of buckets in all histograms
and the size of the Most Common Values (MCV) array. We maxed out the MCV array size
and the number of histogram buckets to 10,000 for each attribute for the fair comparisons
on memory budget. Note that, 10,000 is a much higher number than the data-domain
size of any attribute from the Power and Forest dataset.
2. Random Materialized Samples (RMS): This represents the traditional random
sampling over the entire data space of a table and is only used in the evaluation of the
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single-table datasets. We used the Postgres estimator if the query falls into the Zero
Sample Problem in RMS.
3. Index-based Join Sampling (IBJS) [46]: This sampling-based technique uses the
indexes on join-attributes to fetch the join-correlated samples to solve the issue of Zero
Sample Problem due to join-crossing correlation for multi-table queries. We discussed
IBJS technique in detail for multi-table queries in Chapter 2. For the evaluation, we
have implemented the IBJS estimation technique using Cpp programming language [1]
and used learned-indexes [42] on join-attributes for join-sampling. Here also, we used the
Postgres estimation in the case of Zero Sample Problem. We consider the IBJS technique
as a baseline for sampling-based techniques which support multi-table queries.

5.2.2

Learning-based Estimators

1. Lightweight Model (LWM) [23]:
This represents a supervised lightweight NNbased regression technique for capturing intra-table correlations between attributes. We
have implemented it using Python programming language [16] and Keras programming
interface for deep learning [7], as described in [23]. This model is evaluated only for the
single-table datasets as it does not support queries with multiple tables. As suggested in
the paper [23], we added the heuristic estimators as features for each query during training
and testing of the model. The GPU acceleration has been used for model hyper-parameter
tuning and model evaluation while predicting the cardinalities. We have followed the same
hyper-parameter tuning procedure suggested in the paper [23] to tune the model.
2. MSCN [40]:
This technique provides an estimation model for multi-table queries
using a set-based query representation scheme hosted on a multi-set convolutional neural
network. For experiments and evaluation, we used the implementation, training data, and
testing data provided by the authors on GitHub [8]. As suggested in the paper [40], the
training is done with 100,000 synthetically generated queries going up to 2 joins. Further,
as suggested in the paper [40], a bitmap of 1000 samples was additionally used as the
input features for each table in all the queries in the workload during training and testing
of the model. The GPU acceleration has been used for model evaluation while predicting
the cardinalities. We also followed the same hyper-parameter tuning methodology on
GPU as suggested in the paper [40].
3. End-To-End (E2E) [56]: This technique provides an end-to-end tree-structured NNbased model for both cost and cardinality estimation, including feature extraction from
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the query execution plan. As per this technique, the model is trained using 100,000
synthetically generated queries going up to 3 joins with 1000 bitmap samples as input
features. We used the reported results for both accuracy and efficiency from the paper
[56] as we are using exactly the same query workloads for evaluation.
4. NARU [62]: This technique proposed to use the autoregressive model by factorizing
the joint distribution into conditional distributions. They adopted state-of-the-art deep
autoregressive models such as MADE [28] and Transformer [58] to approximate the joint
distribution. For experiments and evaluation, we used an implementation provided by
the authors on GitHub [10]. We used the same sample size (S) of 1000 that we used
for GridSam and RMS for the evaluation of NARU to perform progressive sampling.
Moreover, we used the same hyper-parameters suggested in paper [62] for our evaluation.
Note that this technique only provides the model for single-table datasets. Thus, NARU
has been excluded from our evaluation for the multi-table dataset.

5.3

Training Query Generation

Our generation of training queries for the single-table datasets (Power and Forest) is identical to
the method suggested in [23]. Here, queries containing conjunctive range predicates are generated, having 2 to 7 predicates. Each range predicate is determined by identifying an attribute
along with a center and range width. The attributes are picked randomly, while the query
centers follow random-centric distributions in conjunction with uniformly-distributed widths
over the attribute data-domain, or data-centric distributions in conjunction with exponentiallydistributed widths. We generated nearly 25,000 such queries in each of our training exercises
for both LWM and MSCN models. NARU does not need queries for training, as it directly
learns from data itself, being an unsupervised learning estimator.
For multi-table dataset (IMDB), training query set provided by the authors of [40] on
GitHub [8] is used.

5.4

Testing Query Generation

The test queries on the single-table datasets (Power and Forest) are divided into two classes
–the first, LowDim having 2 to 4 predicates, and the second, HiDim having 5 to 7 predicates.
We generated 3000 queries per class using a similar methodology as generating training queries.
We used the same three testing workloads for multi-table queries provided by the authors
of MSCN [40] on GitHub [8]. These exact three workloads are also used by End-To-End paper
[56]. The properties of these three workloads are as follows.
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1. Synthetic Workload which contains 5000 randomly distributed queries with up to 2
joins
2. Scale Workload which contains 500 randomly distributed queries with up to 4 joins
3. JOB-Light Workload, a simplified version of the queries in JOB [6], containing 70
queries with 4 joins apiece.
Note that the filter predicates and join predicates on all the queries of all the workloads are on
the disjoint set of attributes.

5.5

GridSam Design Parameters Selection and Construction

We now discuss the settings of the grid overlay design and construction parameters for GridSam.
There are two essential parameters to be determined after the determination of the ZSP-based
ranking order, as discussed in Chapter 3 – (1) number of grid-attributes (i.e. size of g-attr ), and
(2) number of partitions per grid-attribute (pi ) – both of which have to be set while obeying a
memory budget M . The methodology to choose both of these parameters has been described
in Chapter 3. Here, we exemplify this with the Power dataset [4].
First, we decide the ordering of all 7 attributes of the Power dataset using their respective
ZSP-scores. As described in Section 3.1, the ZSP-testing query sets for each attribute containing
3000 queries are generated. Further, they are augmented by both LowDim and HiDim testing
workloads and evaluated on single materialized random uniform samples of size (S) 1000. The
ZSP-scores of all 7 attributes from the Power dataset have been shown in Section 3.1.
Now given a fixed memory budget M , the question is that how many attributes should
be accommodated in the ZSP-based ranking order for the grid overlay such that the overall
Zero Sample Problem rate is minimized. In other words, which configuration (number of gridattributes, memory budget) of the grid overlay fits the best to decrease the overall Zero Sample
Problem rate. As described in Section 3.2, we build every configuration of grid overlay for the
Power dataset in which the number of grid-attributes ranges from 1 to ne (size of e-attr for
Power dataset) in the decreasing order of their ZSP-scores. We evaluate Grid-testing query set
containing 3000 queries for all ne possible grid overlays on query-specific grid-based dynamic
random samples of size (S) 1000 and obtain Gzsp (k) (percentage of queries resulted into the Zero
Sample Problem for the respective grid overlay containing k grid-attributes) where k ranges
from 1 to ne . Here, ne is equal to 7 for the Power dataset.
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Table 5.1: Construction Parameters of Grid Overlay on Power Dataset
n dim
1
2
3
4
5
6
7

Partitions

ZSP

2837
48%
974 × 966
28.6%
283 × 281 × 12
34.5%
128 × 127 × 8 × 7
32%
71 × 70 × 6 × 6 × 5
23%
50 × 50 × 6 × 5 × 5 × 3
28.2%
43 × 42 × 5 × 4 × 4 × 3 × 2 28%

Table 5.2: Total Time Spent on Design Parameters Selection for the Construction of Grid
Overlay on All Datasets
Dataset

Memory Budget (MB)

Total Time (CPU/GPU)

Power
Forest
IMDB

15
15
200

42 / 3 secs
40 / 2.8 secs
250 / 25 secs

Table 5.1 shows the number of partitions for each of the ne grid overlay configurations and
their respective Gzsp (k). As shown in this table, the grid overlay with 5 grid-attributes yields
minimum queries with Zero Sample Problem. In principle, these design parameters should give
a minimum Zero Sample Problem for any memory budget M . We verified this observation on
the Power dataset for different memory budgets such as 50 MB, 100 MB, 500 MB, and 1 GB.
So, to efficiently determining these design parameters, a small memory budget is enough, and
after that, the configuration can be used to build the grid overlay with bigger memory budgets.
For determining grid overlay design parameters, we used the memory budget of 15 MB, which
is minimally required to build the grid overlay on the Power dataset after considering that all
TIds need to be stored in the grid overlay.
For Forest and IMDB dataset, the same procedure as described in Chapter 3 for singletable and multi-table can be followed respectively to determine the configuration parameters
and build an “effective” grid overlay(s). Table 5.2 shows the memory budget and total time
taken to find all the design parameters on CPU/GPU as described in Chapter 3 for all three
datasets. Note that the T otal T ime denoted in the Table 5.2 includes following operations:
1. Determination of ranking/ordering of attributes for all tables present in the schema (only
one for single table dataset).
2. Determination of ranking/ordering of tables (for multi-table schema).
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Table 5.3: Table Wise Design Parameters of Grid Overlays on IMDB Dataset
Table

n dim

Partitions

Memory Budget (MB)

Total Time

movie keyword
movie companies
cast info

2
2
2

20,000 × 4
20,000 × 4
30,000 × 4

32
18
150

4.1 secs
3.6 secs
4.5 secs

3. Determination of the number of grid-attributes and number of partitions per grid attribute
for all tables present in the schema (only one for single table dataset).
4. Determination of the number of tables among which memory budget needs to be divided
based on Tzsp (i) (ZSP-score of the table ti ) of each table (for multi-table schema).
The memory budgets shown for all the datasets are the minimum possible memory budgets
to build the grid overlay for the respective dataset considering that all the TIds need to be
stored in the grid overlay. As shown in Table 5.2, the design and construction of grid overlay
are extremely cheap, as most of the tasks of design parameters selection are data-parallel tasks,
and GPU can be used to perform those.
Table 5.3 shows the final design parameters of the grid overlays, selected for the tables in
IMDB dataset. The minimum possible memory budget (considering the number of rows of
all tables) of 200 MB is assigned to the IMDB dataset (among all tables). Based on Tzsp (i)
(arithmetic mean of all ZSP-scores of all attributes of table Ti ) of each table, the memory budget
is divided, and the ranking/ordering of tables has been determined. Further, as described in
Section 3.7 and 3.8, it is determined that the Zero Sample Problem rate has been decreased
the most with 2-dimensional grid overlays for tables movie keyword, movie companies and
cast inf o for the Grid-testing query set. The grid overlays of all three tables contain one
local grid-attribute and one foreign grid-attribute. For example, for the movie keyword table,
the local grid-attribute keyword id has the data-domain of size 134,170, and the foreign gridattribute production year from title table has small data-domain size, but skewed distribution
for some values. Thus, the more number of partitions are assigned to keyword id compared
to production year. The table title joins to movie keyword table with PK-FK relationship.
Note that the Total Time shown in Table 5.3 denotes only the construction time of the grid
overlay for the respective table after determining the design parameters of the grid overlay of
the respective table. As it can be seen in the Table 5.3, the grid overlay construction time is
quite low (a few seconds), majorly because the entire IMDB dataset, including all tables, can
be fitted into GPU-memory, and GPU-based grid overlay construction is carried out.
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Table 5.4: Grid Overlay Construction Time (seconds)
Dataset

15 MB

50 MB

100 MB

500 MB

1 GB

Power (5-dim)
Forest (5-dim)

4.3
4.1

4.7
4.6

5.1
5.0

8
8

12.2
12.1

Table 5.5: Grid Overlay Construction Time (milliseconds) on GPU
Dataset

15 MB

50 MB

100 MB

500 MB

1 GB

Power (5-dim)
Forest (5-dim)

5
4

23
17

36
33

161
162

371
380

We evaluate grid overlay construction for different memory budgets such as 15 MB, 50 MB,
100 MB, 500 MB, and 1 GB after determining design parameters. Table 5.4 and Table 5.5
show the construction time of the grid overlays after the design parameters selection for different memory budgets without using GPU and using GPU, respectively. These times include the
operations such as (1) CPU/GPU memory allocation for the multi-dimensional array G of grid
overlay, (2) Populating the grid cells with TIds, (3) Copying the multi-dimensional array G of
grid overlay to GPU-memory. It can be seen that constructing a grid overlay even for higher
memory budgets is much cheaper and completely viable.
While estimating, if any query falls into the Zero Sample Problem, GridSam uses estimation
from the normal Postgres estimator for the respective query. Here, the normal Postgres estimator is configured with all the parameters suggested by the PGTune [13] tool including the
number of histogram buckets and the size of the MCV array.
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Chapter 6
Experimental Evaluation
Having described the framework and compile-time efforts, we now move on to present the quantitative results of our experiments regarding the estimation accuracy and run-time overheads.

6.1

Accuracy

The q-error distributions for GridSam with different memory budgets are shown in Table 6.1
for Power dataset [4], and in Table 6.2 for Forest dataset [4]. In both the tables, the two
categories (Top-Half and Bottom-Half) show the q-error distribution for both of the respective
single-table test workloads (HiDim and LowDim) containing queries with the number of range
predicates {5,6,7} and {2,3,4} on Power and Forest dataset, respectively. Note that if a query
does not contain any filter predicates on g-attr , then grid-based dynamic sampling performed
by GridSam for a query will be equivalent to RMS. Combined from both GridSam and its
fallback option of RMS, in Table 6.1 and Table 6.2, we also showed the percentage of queries
from the total queries of the workloads as ZSP which resulted in Zero Sample Problem (not
able to find any qualifying samples).
Note that, for the Power dataset, there were 99% of the queries from HiDim workload and
90% of the queries from LowDim workload, eligible for grid-based dynamic sampling, and the
other queries, which do not contain any filter predicate on any grid-attribute, had to fall back
to RMS. For the Forest dataset, there were 98% of the queries from HiDim workload and
84% of the queries from LowDim workload, eligible for grid-based dynamic sampling. In both
tables, Q-Dim denotes the number of filter predicates present in each query of the respective
test workload. Note that if any query falls into the Zero Sample Problem (for GridSam and
RMS), we take the estimation from the well-tuned normal Postgres estimator for the respective
query. Because of this reason, the tail distribution of q-error (99thP erc. and M ax) is still large
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Table 6.1: Q-Error Distribution of HiDim (Top-Half) and LowDim (Bottom-Half) workloads
on Power dataset
Technique

Median

95th Perc.

99th Perc.

Max

Mean

ZSP

GridSam (15 MB)
GridSam (50 MB)
GridSam (100 MB)
GridSam (500 MB)
GridSam (1 GB)
RMS
LWM
MSCN
NARU
Postgres

1.19
1.13
1.11
1.07
1.06
1.31
1.51
1.6
1.08
1.5

3.6
2.9
2.75
2.45
2.28
13.5
7.4
10.5
2.39
14

11.7
8.2
8.17
8.15
8.03
61
21.6
34
4.15
65

275
231
191
191
191
802
116
723
133
1798

2.1
1.80
1.61
1.57
1.53
4.7
2.7
4.04
1.4
5.5

22%
17%
14%
12%
10%
61%
-

GridSam (15 MB)
GridSam (50 MB)
GridSam (100 MB)
GridSam (500 MB)
GridSam (1 GB)
RMS
LWM
MSCN
NARU
Postgres

1.10
1.06
1.04
1.03
1.02
1.12
1.26
1.19
1.04
1.14

3.12
2.42
2.22
2.0
1.98
6
3.8
7
1.9
6.8

10.41
8.85
6.7
5.03
5.01
34
11.5
32.3
2.8
40

191
191
189
189
189
998
154
1184
20
1005

1.76
1.67
1.62
1.54
1.54
3.7
2
3.5
1.2
4.3

8.3%
6.4%
6.1%
4.7%
4.7%
30%
-
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Table 6.2: Q-Error Distribution of HiDim (Top-Half) and LowDim (Bottom-Half) workloads
on Forest dataset
Technique

Median

95th Perc.

99th Perc.

Max

Mean

ZSP

GridSam (15 MB)
GridSam (50 MB)
GridSam (500 MB)
GridSam (1 GB)
RMS
LWM
MSCN
NARU
Postgres

1.09
1.05
1.04
1.03
1.18
1.2
1.8
1.12
1.18

3.8
3.6
3.1
2.9
6.8
4.3
8
2.8
6.2

9.67
9.5
9.27
8.46
25
11.5
24.2
5.1
19.9

46
46
46
29
663
53
950
51
663

1.53
1.48
1.26
1.53
2.6
1.86
4
1.43
2.5

33.9%
32%
27%
26%
72%
-

GridSam (15 MB)
GridSam (50 MB)
GridSam (500 MB)
GridSam (1 GB)
RMS
LWM
MSCN
NARU
Postgres

1.06
1.04
1.04
1.03
1.08
1.2
1.4
1.06
1.06

2.46
2.34
2.12
1.98
3.5
2.7
6.2
2.2
3.2

6.7
4.3
4
4
10.5
5.6
17.8
3.8
9.6

86
86
26
26
2472
64
406
28
2472

1.27
1.21
1.18
1.18
2.8
1.52
2.8
1.2
2.65

19.7%
17%
15%
13%
41%
-
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for GridSam and RMS for both datasets as shown in Table 6.1 and Table 6.2. Note that the
sample size (S) is set to 1000 for the evaluation.
As shown in Table 6.1 and Table 6.2, GridSam achieves competitive accuracy compared to
learned-estimators (LWM, MSCN, and NARU), and also achieves better accuracy compared
to traditional estimators (RMS and Postgres). The reason for NARU outperforming GridSam
is that NARU requires a much higher training time. Note that, for this evaluation, NARU
is trained for nearly 3000 seconds, and GridSam only took 3 seconds even for higher memory
budgets. As already shown in Table 1.1 of Introduction, GridSam can outperform NARU with
regards to the accuracy if NARU is trained for lower training efforts (i.e., 15 secs, 55 secs,
or 200 secs) which are still orders-of-magnitude higher than GridSam’s building effort. With
increased memory budgets, GridSam seems to be performing further better. The percentage of
queries with Zero Sample Problem (denoted as ZSP) in the workload has also decreased sharply
compared to RMS because of grid-based dynamic sampling.
Tables 6.3, 6.4 and 6.5 show the estimation errors using percentile distribution of the q-error
for JOB-Light, Scale and Synthetic workloads, respectively. These three workloads are based
on IMDB dataset [5]. Note that GridSam with the memory budget of 200 MB is used for
this evaluation which is minimal for IMDB dataset. We have also evaluated GridSam on these
three workloads with different memory budgets, and it is observed that there is no significant
improvement over accuracy.
For JOB-Light, Scale, and Synthetic workloads, the tail distribution of GridSam has suffered mainly because of relying upon one-dimensional histogram-based cardinality estimator of
Postgres [14] on Zero Sample Problem. As the Zero Sample Problem is not frequent in GridSam, the distributions till 95th Percentile is quite better than every other model for all three
workloads. Note that the MSCN model is trained on the queries with up to 2 joins, and the
End-To-End model is trained on the queries with up to 3 joins. The Synthetic workload has
been generated in the same way as the training sets of MSCN and End-To-End, which is the
best-case scenario for both the models when evaluating upon Synthetic workload. Even for the
Synthetic workload, GridSam achieves better accuracy compared to MSCN and End-To-End
till 99th percentile as shown in Table 6.5. IBJS could not achieve good accuracy mainly because
of the higher Zero Sample Problem rate on all three workloads compared to GridSam. The
per-table sample size (S) is 1000 for the evaluations of GridSam and IBJS, and the per-table
bitmap sample (input features) size is also 1000 for both MSCN and End-To-End model. We
have also evaluated IBJS with a per-table sample size of 10,000. Even with 10,000 samples per
table, IBJS could not achieve better accuracy because the higher sample size could not bring
down the Zero Sample Problem rate.
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Table 6.3: Q-Error Distribution for JOB-Light Workload
Model

median

90th

95th

99th

max

mean

GridSam
IBJS
MSCN
E2E

1.25
1.8
3.82
3.51

2.74
35.6
78.4
48.6

3.65
270
362
139

5.04
8167
927
244

5.41
9654
1110
272

1.63
340
57.9
24.3

Table 6.4: Q-Error Distribution for Scale Workload
Model

median

90th

95th

GridSam
IBJS
MSCN
E2E

1.1
1.34
1.38
1.42

2.18
15.6
49
37.3

3.57
39
240
125

99th

max

23.64 233863
638
223232
1177
5166
345
1813

mean
486
480
51
26.3

Table 6.5: Q-Error Distribution for Synthetic Workload
Model

median

90th

95th

GridSam
IBJS
MSCN
E2E

1.08
1.21
1.18
1.18

2.07
5.28
3.32
3.19

3.69
13
6.84
6.05
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99th

max

mean

23.64 2024
100
2056
30.51 1322
24.5
323

5.9
9
2.89
2.81

Figure 6.1: Query Wise Comparison between GridSam and MSCN for JOB-Light Workload

Figure 6.2: Percentage of Queries from the Synthetic Workload having q-error > THRESHOLD.
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Figure 6.1 shows the query by query comparison of the JOB-Light workload between GridSam (with sample size 1000) and MSCN. It is clear from the figure that there are many points
on the right side of the diagonal line, which indicates that MSCN has large estimation errors
for the queries that have relatively low estimation errors for GridSam. Because of the Zero
Sample Problem, there are few queries in the workload for which GridSam has high q-error
relative to MSCN as shown in Figure 6.1. Figures 6.2 mainly depicts the percentage of queries
from the Synthetic workload lies within the q-error threshold depicted on x-axis. The number
inside the brackets in the legends of this figure denotes the sample size for IBJS and GridSam.
For MSCN, it denotes the size of the bitmap samples. As shown in Figure 6.2, GridSam with
1000 samples performs competitive to MSCN for Synthetic workload which is the best-case
scenario for MSCN. Also, IBJS could not achieve better accuracy than GridSam even with
10,000 samples. Thus, GridSam needs a much less number of samples than RMS to achieve
good accuracy.

6.2

Estimation Time

Figure 6.3: Estimation Time and Accuracy Comparison for Power Dataset
As shown in Figure 6.3, average estimation time (in milliseconds) of HiDim and LowDim
query workloads and average 95th Percentile of the q-error distribution of both the workloads
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are represented in x-axis and y-axis, respectively. GridSam is presented with different memory
configurations denoted in brackets. The estimation time for RMS is the smallest compared
to GridSam and other estimators. While having much lesser estimation time and negligible
space overhead, RMS incurs large estimation errors. On the other hand, GridSam with various
memory budgets, which generates grid-based dynamic samples, performs better in terms of
accuracy (or competitive to NARU) compared to all other techniques. GridSam may appear to
have large estimation times in a relative sense, these times are quite practical from an absolute
perspective since they are in milliseconds, minuscule in comparison to query execution times.
After 100 MB of memory budget, GridSam does not improve much upon accuracy for memory
budgets of 500 MB and 1 GB while incurring more estimation time (we did not show GridSam
(1 GB) as it does not improve accuracy and incurs more estimation time).

Figure 6.4: Estimation Time of GridSam with Different Memory Budgets for Power Dataset
Figure 6.4 shows the average estimation time of HiDim and LowDim query workloads for
Power dataset on grid overlays with different memory budgets. The estimation time increases
exponentially with the exponential increase in memory budget as the number of elements in
the multi-dimensional array G of grid overlay will also increase exponentially. GPU can simultaneously compute the number of elements of the grid array equal to the maximum number of
active threads in the GPU. So if the size of the array is larger than the maximum number of
active threads possible in a GPU, the GPU scheduler will divide the array into multiple batches
which run serially. That is why an increase in the estimation time with an increase in the array
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size as the number of serially executed batches increases. Still, the estimation times for even
larger memory budgets such as 500 MB and 1 GB are not more than tens of milliseconds. Note
that the sample size (S) of 1000 is used for the comparisons.
However, estimation time can be brought down using multiple GPU-devices, almost by
a factor of x, if we use x number of GPU devices, with the same implementation of GPU
algorithms described in Section 4.1. The strategy to use multiple GPU devices to reduce
estimation time is quite apparent in GridSam compared to learned-models. For example, in
NN-based learned-models, the values of the neurons in a layer is dependent on the values of the
neurons in a previous layer, and hence, there are dependencies. While in GridSam, the array
of grid cells just needs to be divided equally among all GPU devices without any dependencies.

Figure 6.5: Estimation Time and Accuracy Comparison for IMDB Dataset on JOB-Light Workload
As shown in Figure 6.5, GridSam with 1000 samples (denoted in brackets of each technique)
takes more estimation time compared to all other techniques mainly because of more number
of tables (4-5) in each query of JOB-Light workload. However, it achieves significantly higher
accuracy compared to all other techniques. Note that the estimation time for GridSam is
practically small, minuscule in comparison to query execution times, while having a significant
relative difference compared to MSCN and End-to-End models. IBJS with a sample size of
1000 incurs estimation time similar to GridSam but mostly suffers over accuracy because of
the high Zero Sample Problem rate. The estimation times of the learning-based models do not
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Table 6.6: Impact of Choosing “Right” Grid-Attributes
Technique

95th Percentile

ZSP

GridSam
GridSam *

3.1
9.2

17%
47%

depend on the number of tables in the query, and hence, they are quite low.

6.3

Impact of ZSP-based Heuristic

To select the “right” grid-attributes, ranking order produced based on ZSP-scores of attributes
using the procedure described in Chapter 3 is essential as it can have a significant impact on
accuracy. To validate this claim, for Power dataset [4], we chose 5 random attributes from
total 7 attributes and divide the memory budget equally instead of following the described
methodologies in Sections 3.1, 3.2 and 3.3. The HiDim query workload on the Power dataset
is used for this experiment. We compared the accuracy of this new grid overlay (GridSam
*) with the previous one, which is built using described design methodologies. As shown in
Table 6.6, there is a significant increment in 95th Percentile of the q-error distribution and ZSP
(percentage of queries with Zero Sample Problem) from GridSam to GridSam * for the sample
size (S) of 1000. This suggests that choosing “right” grid-attributes can significantly impact
the accuracy.
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Chapter 7
Conclusions and Future Work
We revisited the 4-decade-year-old long-standing problem of cardinality estimation in RDBMS.
The traditional estimators based on statistical models that are used in current industrial
database engines, which mainly use histogram-based or sampling-based techniques, incur large
estimation errors. On the other side, recent learned-estimators based on machine-learning/deeplearning models have shown promising accuracy in the literature. However, these learnedestimators have their own limitations regarding significant training effort, inability to handle
dynamic data-updates, and generalization to unseen queries. Specifically, they can cause large
estimation errors in the environments with frequent data-updates because of their significant
training and tuning efforts. The learned-estimators need to be retrained and re-tuned to incorporate the updated data into model. In other words, they demand significant “shutdown” time
to regain the accuracy.
In this work, we presented GridSam – a Grid-based Dynamic Sampling technique for result
cardinality estimation. It augments random sampling with histograms to rectify the limitations
of each other. GridSam partitions the data-space on “critical” attributes by imposing the grid
overlay. Subsequently, it performs the query-specific sampling from the confined query sample
space provided by the grid overlay, leading to a reduced Zero Sample Problem rate. Further, We
proposed a greedy methodology targeted towards reducing the Zero Sample Problem occurrence
to determine the grid overlay’s design parameters. This methodology obeys the given memory
budget while determining the design parameters. The design parameters of the grid overlay
include (i) set of “critical” attributes used as the dimensions of the grid overlay to partition
the data-space, and (ii) the number of partition boundaries for each dimensional attribute.
Further, we showed a methodology to use grid overlays for multiple tables in the schema with
the additional design parameters and learned-indexes for join sampling. Next, we presented the
estimation procedures for efficiently performing grid-based dynamic sampling for both single68

table and multi-table queries using the parallel resources of GPU. At a high level, GridSam aims
to achieve good accuracy by reducing the Zero Sample Problem rate by performing dynamic
sampling from the confined query-specific region provided by the grid overlays.
With extensive empirical evaluation over multiple real-world datasets, we showed that GridSam could achieve superior accuracy than traditional estimators and achieve highly competitive
accuracy compared to the state-of-the-art learned-estimators. The reason being a reduced Zero
Sample Problem rate because of the sampling from the confined query-specific region provided
by the grid overlays. The experimental evaluation showed that the overheads of the design
parameters selection and the construction of GridSam are quite low (a few seconds) using
GPU compared to GPU-based training and tuning of the learned-estimators (several minutes
to hours). Specifically, we showed that GridSam could achieve competitive accuracy to NARU
(an unsupervised learned-estimator) even with orders-of-magnitude less building time (off-line
efforts) by trading-off memory usage. Thus, GridSam is more amenable to being used in environments with frequent data-updates than learned-estimators. In other words, GridSam demands orders-of-magnitude less rebuilding/retraining time to regain the accuracy compared to
learned-estimators to incorporate major data-updates. However, GridSam incurs much higher
memory usage, which we assumed to have sufficiently available in the system.
GridSam also uses the GPU to perform data-parallel tasks on the grid overlay during estimation to decrease the overall estimation time. GridSam incurred a little higher estimation time
compared to other techniques but reasonable (within tens-of-milliseconds) from the absolute
perspective.

7.1

Future Work

Following are the future research avenues regarding the construction and design of GridSam:
1. We plan to design more sophisticated GPU-based algorithms for the data-parallel tasks
of the estimation procedure to reduce the estimation time even lower.
2. Current design of GridSam does not support the GPU-based construction of the grid
overlays for multi-table schema if the foreign tables cannot fit into GPU-memory. We
plan to provide this support to GridSam for efficiently determining the tables for which
the grid overlays need to be built along with their design parameters.
3. Currently, we are storing tuple identifiers (TIds) of each tuple (row) of the table into the
respective grid cell, making GridSam consume most of the memory from the provided
memory budget. Thus, we are also planning to work on GridSam design to support much
lower memory usage.
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4. In this work, we have only focused on numeric-typed attributes. We plan to extend
our work to string-typed attributes with respect to grid overlay design and construction.
Moreover, we have only focused on queries with AND operators in this work; we plan to
extend this technique to support other operators such as OR and Group-By and show
performance evaluation.
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