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Robust Query Processing: A Survey
Jayant R. Haritsa

Indian Institute of Science (IISc) Bangalore, India; haritsa@iisc.ac.in

ABSTRACT

The primordial function of a database system is to efficiently
compute correct answers to user queries. Therefore, robust
query processing (RQP), where strong numerical guarantees
are provided on query performance, has been a long-standing
core objective in the design of industrial-strength database
engines. Unfortunately, however, RQP has proved to be a
largely intractable and elusive challenge, despite sustained
efforts spanning several decades. This problematic situation
has arisen from a variety of knotty technical hurdles, in-
cluding complex query representations, limited metadata
coverage, coarse statistical models, and hypersensitive opera-
tor behaviors. Its impact is felt acutely since the performance
degradation faced by database queries can be huge, reaching
orders of magnitude as compared to an oracular ideal.

Notwithstanding this daunting history, the good news is that
in recent times, there have been a host of exciting technical
advances that collectively promise to materially address the
robustness objective. The new approaches have been con-
structed at different levels in the database architecture, and
tackle robustness in cost models, database operators, query
execution plans and query processing strategies. Although
most of this literature is based on statistical and geometric
formulations, a significant corpus of machine learning-based
techniques is also now available.

Jayant R. Haritsa (2024), “Robust Query Processing: A Survey”, Foundations and
Trends® in Databases: Vol. 15, No. 1, pp 1–114. DOI: 10.1561/1900000089.
©2024 J. R. Haritsa
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In this monograph, we present an overview of these novel
research paradigms, and highlight their strengths and lim-
itations. Further, we enumerate a suite of open technical
problems that remain to be solved to make RQP a contem-
porary reality.
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1
Introduction

An organic reason for the ubiquitous popularity of database management
systems is their support for declarative user queries, typically expressed
in SQL. In this framework, the user only specifies the end objectives,
leaving it to the database system to first identify and then execute the
most efficient means, called “plan”, to achieve these objectives. The
identification and execution steps are performed by the query optimizer
and query executor components, respectively, within the core of the
database engine. Over the past half century, research on the design and
implementation of these components has been a foundational topic for
both the academic and industrial database communities.

A de facto global consensus exists on the technologies underlying
most of the core database engine modules – for instance, two-phase
locking (2PL) for concurrency control, write-ahead logging (WAL) for
database recovery, least recently used (LRU-K) for memory manage-
ment, and a combination of Bitmaps and B-trees for indexing database
columns. Therefore, one might expect that a similar situation holds
for query processing as well. However, despite the decades of research
mentioned above, the unfortunate reality is that the proposed solutions
have largely remained a “black art”. This is due to the well-documented

3
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4 Introduction

complexities and challenges of database query processing (Chaudhuri,
1998; Chaudhuri, 2009), which include complex query representations,
limited metadata coverage, coarse statistical models, and hypersensitive
operator behavior.

In fact, the prevalent situation is dire enough that a highly respected
industry veteran was provoked to lament (Lohman, 2014): The wonder
isn’t “Why did the optimizer pick a bad plan?” Rather, the wonder is
“Why would the optimizer ever pick a decent plan?” ! He ended with
the following exhortation to the research community: “Let’s attack
problems that really matter, those that account for optimizer disasters,
and stop polishing the round ball.” Similar sentiments have also been
expressed by other academic and industrial database experts, including:
“Query optimizers do a terrible job of producing reliable, good plans
(for complex queries) without a lot of hand tuning” (Winslett, 2002),
and “Almost all of us who have worked on query optimization find
the current state of the art unsatisfactory with known big gaps in the
technology” (Parameswaran, 2012).

What makes this parlous state of affairs particularly problematic
is that the performance degradation faced by database queries can
be huge – often in orders of magnitude, as compared to an oracular
ideal that magically knows the correct inputs required for optimal
query processing. As a case in point, when Query 19 of the TPC-DS
benchmark (Transaction Processing Council, 2024a) is executed on a
popular industrial-strength database system, the worst-case slowdown,
relative to the hypothetical oracle, can exceed a million! (Dutt and
Haritsa, 2016). Moreover, apart from the obvious detrimental impacts
on user productivity and satisfaction, there are also adverse financial
implications: the total cost of ownership is significantly increased due to
over-provisioning, lost efficiency, and increased human administrative
costs (Wiener et al., 2009).

In the midst of this gloom and doom, the positive news is that in
recent times there have been a host of exciting research advances, which
collectively promise to provide strong foundations for designing the
next generation of query processing engines. The new approaches have
been constructed at different levels in the database architecture, and
tackle robustness in cost models, database operators, query execution

Full text available at: http://dx.doi.org/10.1561/1900000089



1.1. Overview of Contents 5

plans and query processing strategies. Although most of this literature
is based on statistical and geometric formulations, a significant corpus
of machine learning-based techniques has also now become visible.

The expectation is that these advances will eventually organically
support robust query processing (RQP) with strong performance
guarantees, relegating to the past the above-mentioned cynicism on
this bedrock objective. Many of the new ideas owe their genesis to a
series of influential and well-attended Dagstuhl Seminars on the topic
of RQP over the past decade (Graefe et al., 2010; Graefe et al., 2012;
Borovica-Gajic et al., 2017; Böhm et al., 2021). Further, they have
arisen from research teams located at diverse locations across the world,
including North America, Europe and Asia.

In this survey, we provide a holistic coverage of the RQP innovations,
and highlight their strengths and limitations. Further, we enumerate a
set of open technical problems and research directions that need to be
studied to make RQP a contemporary reality.

1.1 Overview of Contents

The definition of robustness has itself been a subject of intense debate for
a long time, and a consensus view has been difficult to achieve (Graefe
et al., 2010). For instance, if worst-case performance is improved at
the expense of average-case performance, is that an acceptable notion
of robustness? Or, would graceful degradation, as opposed to “perfor-
mance cliffs”, be the right perspective? Alternatively, is it the ability to
seamlessly scale with workload complexity, database size and distribu-
tional skew? As yet another option, could we settle for providing strong
theoretical guarantees relative to the oracular ideal? Perhaps, the real
answer is that robustness encompasses all of these scenarios and more,
with the specific choice being application-dependent.

The above semantic tangle is further complicated by the different
levels at which notions of robustness can be introduced – for instance,
at the granularity of individual operators (e.g. Borovica-Gajic et al.,
2018), or through entire query plans (e.g. Chu et al., 1999), or over
end-to-end query executions (e.g. Dutt and Haritsa, 2016). Moreover,
one can take algorithmic (e.g. Tzoumas et al., 2013), statistical (e.g. Wu
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6 Introduction

et al., 2013b) or learning-based (e.g. Malik et al., 2007) approaches to
incorporate the robustness features at individual levels.

In this monograph, we cover representative techniques along these
various dimensions. Specifically, the survey is organized in the following
sequence of sections:

Section 2: Background to Robust Query Processing We begin
with an overview of declarative query optimization and processing.
Then, we motivate the need for RQP and the systemic challenges
faced in addressing this need. In particular, we focus on the two
statistical models that fundamentally underlie the optimization
process, namely, operator cardinality estimation and operator
cost estimation. These models address orthogonal aspects of the
data processing environment – the cardinality model captures the
distributions and correlations present in the data, whereas the
cost model reflects the behavior of the underlying hardware and
physical operator implementations.

Section 3: Robust Operators Here, we consider robustness at the
granularity of individual operators, with primary focus on the
Scan and Join operations which carry out much of the heavy lifting
in answering user queries. The basic idea is to design adaptive
or unified operators that provide close to the best performance
under all execution scenarios. Such an operator would make it
unnecessary for the optimizer to choose between alternatives,
thereby, by definition, eliminating erroneous choices.

Section 4: Robust Plans The next stage covers entire query plans,
where we consider both strategies that are robust in expectation
over a workload, and those that provide robustness on an individ-
ual query basis. The latter techniques leverage simple geometric
assumptions on the behavior of plan cost functions – for instance,
monotonicity with respect to predicate selectivity. We also look
into how robustness can be effectively achieved by replacing the
supposedly optimal plan with a mildly sub-optimal but stable
alternative.

Full text available at: http://dx.doi.org/10.1561/1900000089



1.1. Overview of Contents 7

Section 5: Robust Query Execution We then move up from opti-
mization to robust execution of entire queries. A key feature here
is that the performance metrics are in comparison with the (of-
fline) ideal – that is, the lower bound. This is a major conceptual
shift from the norm in the earlier literature, where the comparison
was always with the “upper bound”, that is, the best among the
alternative competing strategies available at the time.

Section 6: Structural Robustness Bounds The bounds in the pre-
vious section are dependent on the behavior of the database query
optimizer over the parameter space. Here, we provide bounds that
only depend on the structure of the parameter space, and not its
contents. This quantum jump in robustness is achieved through
the use of “spilling”, wherein the outputs of intermediate operators
in the plan tree are dropped on the ground, and not forwarded to
the downstream nodes. The techniques presented here continue
to leverage geometric assumptions on plan cost function behavior
– specifically, in addition to monotonicity, both concavity and axis
alignment are considered.

Section 7: Robust Cost Models While the operator cardinality
model is the primary culprit for poor query performance, ro-
bustness can also be adversely impacted by errors in the operator
cost model – we discuss mechanisms for addressing this problem in
this section. In particular, we focus on how statistical approaches,
augmented with careful calibration and focused sampling, can per-
form as well or even better than learning-based approaches, while
being significantly more efficient wrt both training and inference.

Section 8: Machine Learning-based Techniques Learning-based
approaches to RQP, which have been hotly pursued in recent years,
are discussed here, covering both query-based and data-based
techniques. The former is an example of supervised learning,
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, and model the joint probability
density functions of the underlying data to capture distributions

Full text available at: http://dx.doi.org/10.1561/1900000089



8 Introduction

and correlations. Finally, there are hybrid models that leverage
both queries and data in their learning process.

Section 9: Holistic Robustness Here, we show how the techniques
discussed in the previous sections, which are at different layers in
the database architecture, could be cohesively brought together
in a complementary manner to maximize the overall system ro-
bustness.

Section 10: Future Research Directions Finally, we conclude with
a suite of open research problems and future directions. The issues
we pose include the impact of join-graph structure on robustness,
creation of robustness benchmarks, and invoking ML techniques
to determine when to use robust alternatives as opposed to their
current avatars in database engines.

Overall, the big picture is that a rich variety of possibilities are
currently available, and a judicious selection among them could lead to
the desired robustness. Moreover, with the advent of the so-called Big
Data world, wherein data is the engine driving virtually all aspects of
human endeavor, the role of RQP assumes critical proportions.

1.2 Target Audience

Robust support for declarative query processing has been a long-standing
concern for the database community, so we expect this monograph
to be of broad relevance. In particular, the target audience for this
monograph includes researchers, developers and students with an interest
in the internals of database engines. The background expected is that
of an introductory database systems course covering relational data
models, declarative query languages, and basic query optimization and
processing techniques.

Database researchers can expect the survey to provide fresh and
radical perspectives on a classical research topic, serving to stimulate
work on the further development of stable and efficient database engines.
From the perspective of system developers and practitioners, the con-
cepts and techniques presented in the monograph can serve as potent

Full text available at: http://dx.doi.org/10.1561/1900000089
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mechanisms for the redesign of their systems. Finally, for database
instructors and students, the coverage will help in comprehending and
appreciating the complexities and subtleties of industrial-strength query
processing, going far beyond the toy examples typically covered in a
classroom setting.

In particular, it may influence nascent PhD students looking for
challenging research topics to cast their net beyond the middleware
topics occupying center stage today – this is particularly important
since the benefits of new engine technologies are automatically bestowed
on all applications running on these platforms.

The primary source material for the monograph consists of the
papers discussed in the various sections, complemented by supporting
inputs from the rich corpus of literature on query optimization and
processing. A sampling of relevant publications is given in the reference
list, with emphasis on recent contributions to the field.
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