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Abstract The performance optimization of database systems has been widely studied for years. From the

perspective of the operation and maintenance personnel, it mainly includes three topics: prediction, diagnosis,

and tuning. The prediction of future performance can guide the adjustment of configurations and resources.

The diagnosis of anomalies can determine the root cause of performance regression. Tuning operations

improve performance by adjusting influencing factors, e.g., knobs, indexes, views, resources, and structured

query language (SQL) design. In this review, we focus on the performance optimization of database systems

and review notable research work on the topics of prediction, diagnosis, and tuning. For prediction, we

summarize the techniques, strengths, and limitations of several proposed systems for single and concurrent

queries. For diagnosis, we categorize the techniques by the input data, i.e., monitoring metrics, logs, or

time metrics, and analyze their abilities. For tuning, we focus on the approaches commonly adopted by

the operation and maintenance personnel, i.e., knob tuning, index selection, view materialization, elastic

resource, storage management, and SQL antipattern detection. Finally, we discuss some challenges and

future work.
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1 Introduction

Database performance optimization is critical from the perspectives of users and the operation and main-
tenance personnel of database systems. With the ever-increasing complexity and variety of database
workloads, database application systems have imposed significant challenges on performance require-
ments [1]. It is common to restrict the percentage of queries or transactions with bad performance in
service-level agreements (SLAs). Thus, a significant job of the operation and maintenance personnel is
a performance optimization, i.e., to monitor the running states of the database system and solve the
problems of performance regressions.

We start from the measurement and influencing factors of database performance and summarize three
topics related to optimization from the perspective of the operation and maintenance personnel, i.e.,
performance prediction, anomaly diagnosis, and tuning.

1.1 Performance measurement

Typically, database performance is measured by the throughput and latency of transactions or queries.
In some scenarios, resource consumption is also considered a part of performance metrics. For discussion
in this review, we only take throughput and latency as measurements.
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Figure 1 (Color online) Influencing factors of database performance.

Throughput refers to the number of transactions or queries processed in a certain period of time, e.g.,
the number of transactions per second. It is determined by the arrival rate of workload queries and the
processing ability of the database system. When a resource bottleneck is reached, the throughput will
not increase even if the workload rate grows high. The expectation from database users is to maximize
the throughput with a certain workload pattern.

Latency refers to the response time of a transaction or query. It consists of the waiting time for
resources and the processing time of queries. There are two expectations on latency from database users,
which are also common in SLAs. First, the latency of most queries should be low. Second, the latency
for slow queries should be limited.

1.2 Influencing factors

All performance optimization techniques are based on the influencing factors of database performance.
As shown in Figure 1, the database management system (DBMS) design, configuration, and workload
can influence the performance of a database system. The designs of the optimizer [2], storage layer,
scheduling [3], and other components of the DBMS determine its ability to provide data services. These
issues are mostly considered by developers of database systems. In this review, we only focus on the
configuration and workload because the configuration is tunable, and the workload could be predictable
from the perspective of the operation and maintenance personnel. Detailed factors are shown as follows.

Knobs. Knobs can decide how a database system works, such as the buffer pool size, logging level,
and autovacuum strategy. Changes on different knobs may influence the performance in different ways.

Indexes. Indexes can be built on single or multiple columns, so the number of potential indexes is
large. They may speed up scans and projections but slow down data modifications.

View materialization. The intermediate results of queries can be stored and reused, and this process
is called view materialization. Although this technique can speed up some queries, the storage overhead
should be limited.

Hardware and resource limitation. The maximum throughput is limited by the hardware and
resource. When a bottleneck is reached, some transactions should be blocked to wait for the resource,
and the latency should increase. Moreover, hardware anomalies may result in intermittent slow queries
or failures, which may also influence the overall performance.

Workload. On the one hand, the queries, arrival rates, and concurrency of workload transactions
directly determine the database performance. Based on the workload patterns, the performance can be
predicted as guidance for optimization. On the other hand, poor design of workload queries can lead to
poor performance. For example, functions with large scans in structured query language (SQL) queries
may slow down transactions, certain execution sequences can easily trigger lock waits, and frequent
deletions may cause vacuum problems. Hence, it is meaningful to detect such queries and rewrite them
to improve database performance.
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Figure 2 (Color online) Relation between influencing factors and research topics.

1.3 Research topics

Database performance optimization aims at improving the database throughput and latency through
different approaches, which are consistent with the influencing factors of the database performance, as
shown in Figure 2. In normal situations with certain workload patterns, the prediction of performance
may provide some guidance for the adjustment of configurations and resources. When anomalies occur
in the workload or environment, the diagnosis system should determine the root cause, which helps
database administrators (DBAs) solve the problem. Both situations require certain tuning actions on the
configurations or SQLs so that improvements can be achieved.

Consistent with this procedure, research topics on database performance are mainly categorized as
follows.

Performance prediction. Given a certain database environment and workload pattern, the through-
put and latency of queries may not vary too much due to the stability of common database systems. Some
researchers focus on how to predict this information as guidance for optimization ahead of time.

Anomaly diagnosis. The root cause of performance anomalies could be discovered by analyzing
monitoring data and logs. To improve the efficiency of this procedure, several diagnosis algorithms and
tools have been developed by researchers as a part of the operation and maintenance system.

Tuning. Tuning refers to the adjustment of the influencing factors of database performance. For
safety and stability, modifying the DBMS to improve the performance is not recommended. Hence, we
only focus on the influencing factors that are tunable, i.e., knobs, indexes, views, resources, and SQL
antipatterns. Automatic optimization of these factors has been studied for decades, and some AI-based
techniques have been proposed in recent years.

Database performance optimization has been researched for years. Traditional techniques basically
rely on heuristic rules, such as thresholds and greedy algorithms. Recently, with the development of
artificial intelligence (AI), machine learning models have been widely used to benefit database systems.
A number of algorithms and systems have been proposed to employ machine learning models for database
performance optimization. Zhou et al. [4] surveyed the research on the interaction of databases and AI,
which includes the learning-based techniques of database configuration and monitoring for performance
optimization. Nevertheless, database performance optimization is still a challenging task for complex,
dynamic real-life database environments.

1.4 Contributions

This review makes the following contributions.

(1) We review some typical research work on database performance prediction.

(2) We review the database performance anomaly diagnosis techniques, which are categorized by their
input data, including monitoring metrics, logs, and time metrics.
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(3) We review the typical database tuning techniques, including knob tuning, index selection, view
materialization, elastic resource, storage management, and SQL antipattern detection.

(4) We address research challenges and future directions for database performance issues.

We organize the rest of the review as follows: Section 2 provides an overview of datasets related
to experiments on database performance optimization. Sections 3–5 review research work on database
performance prediction, anomaly diagnosis, and tuning, respectively. Section 6 provides some challenges
in the related field and future research directions. Section 7 shows a summary of this review.

2 Related datasets

Before reviewing specific research work, we give an overview of the related datasets in this field. Most of
the research work on database performance optimization takes open-source benchmarks as the datasets
for their experiments. These benchmarks contain both the data and the workload, as a simulation of a
real-world database system.

In the experiments, researchers create the databases on the target system and run the workloads. For
performance prediction tasks, they collect the necessary data, such as the monitoring metrics, throughput,
and latency, during the execution of the workload. Then they test the effectiveness of their proposed
methods with the collected data. For performance anomaly diagnosis tasks, they manually inject some
anomalies into the workload, such as bad SQLs and resource pressure. Then they collect the necessary
data during execution and test their methods. For tuning tasks, they either continuously apply the tuning
progress throughout the workload, or tune the database at the beginning and check the effects.

The workloads of the benchmarks are generally classified into online transaction processing (OLTP) and
online analytical processing (OLAP), i.e., online transaction processing and online analytical processing.

Typical OLTP benchmarks are listed as follows.

TPC-C1). A widely-used benchmark of order processing. It involves 5 transaction types on 9 tables
with the number of warehouse entries as a scaling factor.

TPC-E2). A benchmark of the activities of a stock brokerage firm. It is more complex than TPC-C,
involving 12 transaction types on 33 tables.

YCSB [5]. Yahoo! Cloud Serving Benchmark, a benchmark for cloud data serving systems. It
involves 6 transactions on 1 table.

TATP3). A benchmark that simulates a typical home location register (HLR) database. It involves
7 transaction types on 4 tables.

Smallbank [6]. A benchmark on a small banking database. It involves 6 transaction types on 3 main
tables.

Typical OLAP benchmarks are listed as follows.

TPC-H4). A popular benchmark with business-oriented queries on 8 tables.

TPC-DS5). A decision support benchmark that models a retail warehouse. It involves 7 fact tables
and 17 dimension tables.

JOB [7]. Join Order Benchmark, a workload for testing the performance of join operations. It is
based on the IMDB dataset6), which involves 22 tables.

Some research work directly uses the data collected from real-life databases instead of the benchmarks.
For example, ISQUAD [8] uses the monitoring data of the service workloads on Alibaba OLTP database,
where the anomalies of intermittent slow queries are manually labeled by the DBAs. Such datasets are
not easily available, because they may involve the privacy of the database users, and the data collection
and labeling are expensive. However, they are more convincing as an application in real-life situations.

1) http://www.tpc.org/tpcc/.

2) http://www.tpc.org/tpce/.

3) http://tatpbenchmark.sourceforge.net/.

4) http://www.tpc.org/tpch/.

5) http://www.tpc.org/tpcds/.

6) http://homepages.cwi.nl/ boncz/job/imdb.tgz.
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Table 1 Summary of research on database performance prediction

Prediciton target Research work Technique

Ganapathi et al. [12] KCCA for multiple metrics

Single query
Akdere et al. [13] Plan-level & oprator-level modeling

Wu et al. [14] Calibrate the optimizer cost model

Marcus et al. [15] Plan-structured DNN

DBSeer [9] White-box & black-box models

Multiple queries Zhou et al. [16] Graph neural network

ModelBot2 [11] OU-models & interference model

3 Performance prediction

Database performance prediction aims at estimating the execution time (i.e., latency) of queries or the
throughput for given environments. It may function as part of a monitoring system such as DBSeer [9],
or a component of a self-driving database system [10] such as ModelBot2 [11] for NoisePage.

The input of a performance prediction system should contain sufficient information about the situation,
i.e., the workload and the environment settings. The workload can be described as arrival rates of each
type of transactions, or with more detailed information like the query plans. The environment settings
may include resource limitations, configuration knobs, and hardware information. If it is assumed that
some settings would not change during the application, and would not influence the estimated result,
such information can be omitted.

The research work on performance prediction can be categorized by the prediction targets, i.e., single
query and multiple queries, as shown in Table 1 [9,11–16]. We do not discuss the work on cost estimation
of the optimizer, because such cost is designed for query plan generation and scheduling, instead of
indicating the execution time. Detailed reviews are as follows.

3.1 Single query

Single query performance prediction takes the features of single queries as the input of their models. A
common limitation is that they do not consider the influence of the concurrent execution of other queries.

Ganapathi et al. [12] proposed to use kernel canonical correlation analysis (KCCA) [17] to predict
multiple metrics of a single query, i.e., elapsed time, disk I/O, message count, message bytes, records
accessed, and records used. The first step is to generate a query plan feature vector, which consists of the
instance count and cardinality sum of each possible operator. The second step is to infer its coordinates
on the performance projection using its k-nearest neighbors, where the distance is computed with the
Gaussian kernel [18]. Finally, the performance projection is mapped back to the metrics.

This technique is applicable when a different database with a different schema is accessed, because of
the property of KCCA. It supports both short and long-running queries, but KCCA is not fast enough
for the practical use of short-running queries. The prediction accuracy is also limited by the quality of
the training data of KCCA; i.e., similar queries in the training set are necessary.

Akdere et al. [13] proposed plan-level and operator-level machine learning techniques for single query
performance prediction. The plan-level technique employs one model for all query plans. The input
features of the model consist of query optimizer estimates, such as estimated plan total cost, and the
counts/rows of each type of operator. The operator-level technique is more fine-grained. It employs
several models, each for a single type of operator. The input features of a model consist of both the
estimates on the operator and the start/run time of its children operators. Based on these techniques,
a hybrid modeling technique is proposed, which uses the plan-level model for materialization sub-plans
and operator-level models for others, which avoids the high error of the operator-level models on mate-
rialization sub-plans.

Empirical studies show that hybrid modeling is feasible and effective for both static and dynamic
workloads. It assumes the independence of different operators in operator-level modeling, which still
remains to be discussed [11].

Wu et al. [14] proposed to calibrate the cost estimation of the optimizer to predict query execution time.
They refine both the cost units and the cardinality estimation. For cost units, they design some particular
calibration queries that isolate each unit parameter from others. For cardinality estimation, they propose
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Figure 3 (Color online) Prediction procedure for multiple queries.

a sampling-based technique that increases the overhead but achieves better quality. Since the refinement
procedure is performed once per query, rather than once per plan, such overhead is considered affordable.

The idea of calibrating the cost estimation is novel, while the prediction accuracy still relies on the
effectiveness of the optimizer cost model.

Marcus et al. [15] proposed to use a plan-structured deep neural network (DNN) to predict the latency
of a single query. The forward propagation of DNN follows the tree structure of the query plan. There
is either a leaf neural unit or an internal neural unit for each operator. The leaf neural unit takes the
features of the operator as input, and outputs both the estimated latency and a data vector. The internal
neural unit takes the output of children’s neural units and the features of the operator as input, and also
outputs the estimated latency and a data vector. The loss function is defined as the error of latency
estimation.

Similar techniques are also applied to cardinality and cost estimation in other research work [19]. The
prediction accuracy strongly relies on the size and quality of the training data.

3.2 Multiple queries

Multiple queries performance prediction considers the influence of concurrency. The basic procedure is
shown in Figure 3. First, they take the whole workload as input, and cluster the transactions or queries
to generate a small number of significant clusters. Then, they transfer the sampled queries of the clusters
into vectors, as the input of one or several models to generate the result. They either calibrate the single
query performance prediction technique with concurrency modeling, or build a thorough model for the
whole workload.

DBSeer [9] is a tool for database monitoring [20, 21]. It provides what-if APIs for database perfor-
mance and resource prediction in highly-concurrent OLTP workloads. Given the ratio of each type of
transaction and the number of transactions emitted per second (i.e., TPS), it predicts latency and re-
source consumption; or given the transaction ratios and the limitation on each resource, it predicts the
maximum TPS.

DBSeer builds both white-box and black-box models for prediction. The system first clusters the
transactions with DBSCAN algorithm [22], then uses the ratio of each cluster and total TPS to esti-
mate the performance. The white-box models refer to iterative approaches and Monte-Carlo simulation.
Specifically, based on the estimated distribution of data access and MySQL’s adaptive flushing strategy,
it constructs iterative formulas for the disk I/O of log-triggered data flushes. According to Thomasian’s
two-phase locking (2PL) [23], it constructs iterative formulas for the latency of lock contention. For the
I/O of capacity misses, i.e., buffer pool misses, it performs Monte-Carlo simulation with anN -element list,
where N is the number of pages of RAM. For the other resources, it employs black-box models, includ-
ing both linear and non-linear (i.e., polynomial fitting, KCCA [17], decision trees, and neural networks)
models. For example, it uses linear regression to estimate the consumption of the CPU.

A strong point of DBSeer is that it proposes several novel white-box models, which are more accurate
than black-box models when the test data is far from training data for black-box. However, the white-
box models are specific to the DBMS. For example, the model for log-triggered data flushes designed
for MySQL may not work for a DBMS with a different strategy. Besides, ad-hoc transaction types are
not supported. The types of transactions need to be known ahead of time, and there are pre-processing
steps for the estimation of data access distributions. For a new transaction that the system has not seen
before, the prediction could not work.

Zhou et al. [16] proposed to use graph embedding for performance prediction with concurrent queries.
It takes the information of queries from the optimizer, e.g., query plans and estimated cardinality, and
predicts the startup time, execution time, and resource consumption of memory and CPU.



Huang S Y, et al. Sci China Inf Sci February 2023 Vol. 66 121102:7

Table 2 Summary of research on database performance anomaly diagnosis

Research work Input Output Anomaly type

DBSherlock [25] KPIs Abnormal KPIs and anomaly types Performance anomaly

ISQUAD [8] KPIs Abnormal KPIs and anomaly types Intermittent slow query

FluxInfer [26] KPIs Root cause KPIs Performance anomaly

Dundjerski et al. [28] KPIs Anomaly Types General Anomaly

Distalyzer [29] Debug log Differences in event and state features Abnormal system behavior

Sentinel [30] Debug log Differences in events and transitions Abnormal system behavior

ADDM [31] DB time Bottleneck resource Performance bottleneck

ProtoXplore [32] RATP Attributions of contentions Resource contention

The graph represents the relationships within a set of queries. Each vertex represents an operator
in a query plan. The vertex features consist of estimated cost, operator type, predicates, and sample
bitmap. Each edge represents the relation between the operators, including parent-child, data sharing,
data conflict, and resource competition. The weight of an edge is the weighted sum of the relations
multiplied by the time overlap factor. After building the graph, a three-layer graph neural network [24]
is employed, which outputs an embedding vector for each vertex. Finally, a graph prediction network
takes the embedding as input, and estimates the performance matrix.

The strong points of this work include that, it proposes an accurate graph embedding model for
concurrent queries, and supports dynamic workload by graph updates. However, there are still some
limitations. First, it is difficult to build a graph for a complex transaction mixture. The edge weights rely
on weights of each relationship and time overlap factor computed from model outputs, which is complex
for highly-concurrent workloads. Second, it does not consider pipelined query execution, changed plans,
knobs modification, and transfer of hardware environment. Finally, it relies on cost estimation from the
optimizer, which could be inaccurate [7, 14] and affects the result of prediction.

ModelBot2 [11] (MB2) works as part of a self-driving database system [10]. It extracts operating units
(OUs) from queries and predicts their time and resource consumption of them.

The OUs are independent operations specific to a DBMS, which should be comprehensive and have low-
dimensional features. MB2 uses an OU-model to predict time and resources for each single OU, which
takes the OU features, behavior knobs, and hardware context as input. Then, it uses an interference
model to predict the influence of concurrency, and the model is shared by all OUs. The input of the
interference model consists of the output of an OU-model and the summary statistics of other concurrent
OUs, i.e., the sum and variance of time and resources. The output is the ratio between the actual metrics
and the OU-model’s output.

There are several strong points of MB2. First, it proposes an independent, low-dimensional, com-
prehensive OUs design. Second, it handles concurrency with an accurate interference model. Finally,
empirical studies show that MB2 has good generalization, adaptation, and robustness. The limitations
include that, it requires manually designed OUs and features, and it is designed only for in-memory
DBMS. Also, it relies on cardinality estimation from the optimizer, which could be inaccurate in some
conditions.

4 Anomaly diagnosis

Performance anomalies can be discovered through the drop of throughput or the long latency of certain
queries. The target of anomaly diagnosis is to identify the root causes, which vary in different research
work. DBSherlock [25] and FluxInfer [26] identify anomalous key performance indicators (KPIs) [27].
DBSherlock can also identify anomaly types, and so do ISQUAD [8] and Dundjerski et al. [28]. Dist-
alyzer [29] and Sentinel [30] focus on system behaviors. ADDM [31] and ProtoXplore [32] only analyze
resource issues. Table 2 [8,25,26,28–32] summarizes the data sources and abilities of the proposed systems
in these studies.

Based on the input data, we categorize these techniques as follows.

4.1 Monitoring metrics based

DBSherlock, ISQUAD, FluxInfer, and Dundjerski et al. take the system and database KPIs, i.e., mon-
itoring metrics [33] as input, including both resource and workload monitoring. Resource metrics, i.e.,



Huang S Y, et al. Sci China Inf Sci February 2023 Vol. 66 121102:8

CPU, memory, I/O, and network, are gathered from system states. Workload metrics, e.g., the number
of rows read, are acquired from certain database views and logs.

DBSherlock [25]. DBSherlock is diagnosis module of the monitoring tool DBSeer. It allows a user to
specify the normal and anomalous time regions, and finds predicate anomalies with heuristic rules. Then
it incorporates domain knowledge and causal models to generate explanations. The output includes
the anomalous predicates, as well as the explanations if causal models are specified. It also supports
automatic anomaly detection with DBSCAN algorithm.

DBSherlock supports highly concurrent and complex OLTP workloads, as well as general performance
anomalies. It allows incorporating domain knowledge, and supports automatic anomaly detection. It
relies on user feedback for causal models, and invariants are not considered valid explanations, e.g. buffer
pool size.

ISQUAD [8]. ISQUAD focuses on intermittent slow queries (iSQs), and provides explanations based
on KPI patterns. First, it extracts KPI anomalies by identifying some patterns, i.e., spikes up or down,
level shifts up or down, and even void. It applies Robust Threshold [34] for spikes and T-Test [35] for
level shifts. Then, it employs confidence [36] based association rule learning for dependency cleansing,
because KPIs are highly correlated with each other [37]. Afterward, it clusters the anomaly patterns with
TOPIC algorithm, which is a modified KD-tree [38]. Finally, it extracts useful and suggestive information
by using a Bayesian case model [39]. For online diagnosis, it finds the cluster of anomaly patterns whose
similarity score to the instance is above a given threshold. If no cluster is found, the instance forms a
new cluster, and its root cause needs to be labeled manually.

ISQUAD shows high accuracy in the diagnosis of iSQs with its novel algorithms. However, it is difficult
to obtain enough labeled data for training. Also, a new cluster in the online stage has a cold start problem.

FluxInfer [26]. The target of FluxInfer is to distinguish between the root cause KPIs and symp-
tom KPIs, instead of specifying the type of anomaly. It first detects anomalous KPIs with a robust
anomaly detection algorithm, then constructs a weighted undirected dependency graph (WUDG) and uses
PageRank [40] to find significant nodes as the root cause KPIs. The robust anomaly detection algorithm
uses the Gaussian mixture model to cluster the KPIs for data smoothing, and measures the abnormality
of the last change with the z-score. The WUDG takes KPIs as nodes and their dependencies as edges,
where Fisher-Z Test [41] is used for the independence test. With the weighted PageRank algorithm on
the WUDG, nodes with larger score ranks are considered root causes.

FluxInfer proposes WUDG to accurately represent the dependency relationships of KPIs, and the
procedure can automatically localize the root-cause-related KPIs. It only gives KPI rankings instead of
an explanation, which still requires further manual analysis.

Dundjerski et al. [28]. This review proposes an end-to-end automatic troubleshooting system on
Azure SQL databases [42]. The system consists of 5 generic models, 11 categorization models, and a
rule-based expert system. The generic models are designed for non-expected behavior, including query
duration, timeout query, timeout DB, exceptions, and compile time. They compute some defined values
based on telemetry monitoring data, and compare them with baselines. The categorization models aim
to give potential explanations from specific patterns of monitoring data. The expert system makes
the precise distinction by using IF-THEN statements. With these components, the system has overall
coverage of different types of real case issues.

This system contains both data science models and an expert system. It has comprehensive anomaly
types and good explainability. One problem is that all the models and rules are manually designed for
certain a DBMS, which takes much human effort and could be difficult to transfer to another database
environment.

4.2 Log comparison based

Distalyzer and Sentinel take two sets of logs as input, and output their major differences. If one is from
a normal situation and the other is from an anomaly, the major differences of logs may indicate the root
cause [43]. These techniques can make use of event information from logs, which is omitted by KPI-based
techniques.

Distalyzer [29]. Distalyzer extracts event time features and state features from the logs. It detects the
significant differences with Welch’s t-test, and learns the dependencies with a dependency network [44].
Finally, it identifies the most notable results with a score function.



Huang S Y, et al. Sci China Inf Sci February 2023 Vol. 66 121102:9

Sentinel [30]. Sentinel focuses on system behaviors, including event proportion, transition probability,
and transition time. It uses the earth-mover’s distance [45] between cumulative distribution functions to
measure the difference in transition time. The system has a lower overhead than Distalyzer, because it
gets log data from the memory instead of disk files.

4.3 Time analysis based

ADDM and ProtoXplore are based on the analysis of time metrics instead of all the monitoring metrics.
These time-based diagnosis techniques use graphs for detailed analysis of certain anomalies, i.e., resource
bottlenecks or contentions.

ADDM [31]. The automatic database diagnostic monitor (ADDM) for Oracle uses database time to
diagnose performance bottlenecks. The database time is defined as the sum of the time spent inside the
database processing user requests. It consists of the time for various phases to process the request, as
well as the time to use and wait for resources. ADDM uses DBTime-graph to analyze the root cause of
performance anomalies. The DBTime-graph is a directed acyclic graph to identify the categories through
different dimensions of database time consumption. Different from a decision tree, ADDM explores all
the children if the consumed database time is significant. It functions as a part of the self-managing
framework of Oracle databases.

ProtoXplore [32]. ProtoXplore focuses on analyzing resource contention and showing hot resources,
slow nodes, causing and receiving queries. It takes resource acquire time penalty (RATP) as the metric,
which is defined as the per-unit time of waiting for and consuming a resource. It formulates the blame
value for contention with blocked time computed from both full and partial overlap with concurrent tasks.
It also builds a Proto-Graph for consolidating analysis on different granularities.

The Proto-Graph is a directed acyclic graph that consists of seven levels of nodes, which is also called
iQC-Graph [46]. The nodes of the first two and last two levels represent the victim and concurrent queries
and stages. Those of the middle three represent resource, host, and cause levels of contention. The edges
represent the relations of data flow. The vertex contributions are computed from the RATPs. With the
Proto-Graph, a user can analyze the critical path to blame attributions of different levels of contentions.

5 Tuning

Tuning techniques aim at increasing the throughput or reducing the latency for a given workload. There
are also some techniques that try to reduce resource consumption with restrictions on throughput or
latency. As mentioned in Subsection 1.2, the main influence factors of the database are configuration
knobs, indexes, view materialization, hardware and resource allocation, and workload issues. Here we
do not consider the design of the DBMS, which may not be modified for safety and stability. The
corresponding research topics are as follows, with Table 3 [47–88] as a brief summary. The column ‘ML’
shows whether machine learning is involved, as learning-based techniques usually show good performance
in modern applications [89].

5.1 Knob tuning

There are hundreds of configuration knobs in a database system. They affect the performance and
resource consumption of the database. Given a target workload, database knob tuning aims to find a
knob configuration that improves the database performance or reduces resource consumption. There are
complex dependencies among knobs, and database knob tuning is prone to be an NP-hard problem [90].
So it is difficult to optimize the database performance by manually tuning the knobs. To this end,
a number of automatic knob-tuning techniques have been proposed since the last decade. Based on
the techniques used, they can be categorized into rule-based, Bayesian optimization (BO) based, and
reinforcement learning (RL) based [91].

5.1.1 Rule-based

Rule-based methods recommend database configuration by hard-coded rules or heuristics. Database
vendors develop tuning tools to provide DBA with knobs recommendations through determining the
allocation of the DBMS’s resources [47,92,93] or identifying database’s bottlenecks due to misconfigura-
tions [31]. In addition, BestConfig [48] tries to find a good configuration according to several heuristics.
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Table 3 Summary of research on tuning techniques

Approach Technique ML Research work

Search based No STMM [47], BestConfig [48]

Knob tuning BO based Yes iTuned [49], Ottertune [50], Tuneful [51], RelM [52], ResTune [53]

RL based Yes CDBTune [54], Qtune [55]

Pure benefit No Drop [56], AutoAdmin [57], Anytime [58], Dexter

Index selection
Per-storage benefit No DB2Advis [59], Relaxation [60], CoPhy [61], Extend [62]

RL Yes Basu et al. [63], Sadri et al. [64, 65], Sharma et al. [66], Lan et al. [67]

Comparison API Yes Ding et al. [68]

Candidate generation No Dökeroglu et al. [69], DB2 UDB [70]

View materialization Heuristics for selection No DB2 Design Advisor [70], BIGSUBS [71], CLOUDVIEWS [72]

RL for selection Yes Yuan et al. [73], Liang et al. [74]

Partition & placement No Accordion [75], E-Store [76], Clay [77], NashDB [78]

Elastic resource Yes P-Store [79]

Migration No Albatross [80], Zephyr [81], Squall [82], MgCrab [83]

Storage management Modified RDD No UlTraMan [84], Dragoon [85]

SQL AP detection
Antipattern detection No Shao et al. [86], Khumnin et al. [87], SQLCheck [88]

SQL rewrite No Soar

Rule-based methods strongly depend on the assumptions of their heuristics. They do not evolve according
to the interaction, thus, fail to utilize knowledge gained from previous tuning efforts. Most rule-based
methods have restrictions on DBMSs since they are provided by database vendors and tailored to a
particular DBMS. They tune specific knobs, and their resource modeling depends on the design of a
DBMS.

STMM [47]. STMM is a rule based self-tuning memory manager released with DB2. It tunes both
database memory heaps and cumulative database memory allocation. STMM tunes memory between
radically different memory consumers such as compiled statement cache, sort, and buffer pools via a
cost-benefit analysis technique.

BestConfig [48]. BestConfig searches the optimal knob configurations based on certainly given
heuristics. It iteratively uses divide-and-diverge sampling heuristics. It divides the configuration space
into sub-spaces represented by one sample and only keeps one sub-space according to the evaluation of
the samples. Such a sampling procedure is time-consuming, and might trap in the local optimal.

5.1.2 BO-based

BO-based methods adopt BO to suggest promising knob configurations. They follow sequential model-
based global optimization (SMBO) framework [94] to search for an optimal DBMS configuration: (1) fit-
ting probabilistic surrogates to model the relationship between knob configurations and database perfor-
mance and (2) choosing the next configuration to evaluate by maximizing acquisition function based on
the surrogates. BO-based database knob tuning systems include iTuned [49], OtterTune [50], Tuneful [51],
ReIM [52], and ResTune [53]

iTuned [49]. iTuned adopts Bayesian optimization to search for a well-performing configuration.
It uses a stochastic sampling technique — Latin hypercube sampling [95] (LHS) for initialization. LHS
attempts to distribute sample points evenly across all possible values over the configuration space. iTuned
does not use the observations collected from previous tuning sessions to speed up the target tuning task.

OtterTune [50]. OtterTune presents a pipeline to conduct automatic tuning via machine learning-
based techniques. (1) OtterTune selects the most impactful knobs by Lasso algorithms to prone the
configuration space. (2) Then, it maps unseen database workloads to previous workloads to transfer
experience. (3) Lastly, OtterTune recommends knob settings by maximizing acquisition function based
on the surrogates fit on the observations from target and previous workloads. The workload mapping
procedure maps the target workload based on the absolute measurements of internal metrics in DBMS,
which might struggle to generalize across different hardware environments since the absolute measures of
workloads diff a lot in the quantitative scales [53].

Tuneful [51]. Tuneful is designed for the analytics engine, such as Sparks [96]. It considers the dy-
namic characteristics of the analytics environment and proposes a tuning cost amortization model, which
demonstrates that it is more beneficial to tune the recurrent workloads. Tuneful combines incremental
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sensitivity analysis based on Gini score and Bayesian optimization to identify near-optimal configura-
tions from a high-dimensional search space, using a small number of executions. However, it follows the
workload mapping strategy of OtterTune and still lacks an effective methodology to handle the dynamics
of workloads.

RelM [52]. RelM studies the problem of automatic tuning the memory allocation for applications
running on analytics engines. Relm constructs an empirically-driven “white-box” algorithm that models
the impact of the memory configurations on the efficiency of the system resource utilization and the
reliability of execution. It could provide a close-to-optimal tuning at a fraction of the overheads compared
to state-of-the-art AI-driven “black box” algorithms. In addition, the “white-box” analytical algorithm
is used to speed up Bayesian optimization. Relm highlights Limitations include that the “white-box”
algorithm is customized for memory allocation in analytics systems, extending to other aspects or systems
needs the redesign of domain experts.

ResTune [53]. ResTune is designed to optimize the resource utilization of database systems with-
out violating the SLA constraints on the throughput and latency requirements. It adopts a constrained
Bayesian optimization technique that extends Bayesian optimization with an inequality-constrained set-
ting [97]. To further speed up the target tuning task, it proposes an ensemble framework that combines
base-learners of previous workloads and generates a meta-learner for the target workload. Unlike previ-
ous studies, the ensemble framework uses relative rankings rather than absolute distances to measure the
similarity between previous and the target workloads. It can better transfer knowledge across different
hardware environments and achieve fast tuning and efficient adaptation. One potential issue of ResTune
is that the setting of SLA constraints might be challenging when the running workload is non-static [98].

5.1.3 RL-based

RL-based methods adopt deep deterministic policy gradient (DDPG) [99], which is a policy-based model-
free reinforcement learning agent. DDPG consists of two neural networks — actor and critic. The actor
inputs internal metrics of the DBMS and outputs a promising action (i.e., configuration). The critic
evaluates the selected configuration based on the reward. The RL-based methods model knob tuning as
a Markov decision process (MDP) [100] and explore the configuration space via trial-and-error.

CDBTune [54]. CDBTune first adopts DDPG algorithm to tune the database’s knobs. The superior
representative ability of neural networks makes CDBTune well-performing in high-dimensional configu-
ration space. However, the training of neural networks in DDPG needs lots of tuning samples, leading to
high learning costs of CDBTune.

Qtune [55]. Qtune featurizes the query information in the given workload to support query-level
tuning, while the previous studies only support coarse-grained tuning (i.e., workload-level tuning). Fur-
thermore, Qtune clusters the queries based on their “best” knob values to support cluster-level tuning.
In order to embed the query information, Qtune uses a double-state deep deterministic policy gradient
(DS-DDPG) model, which introduces additional overhead compared with CDBTune.

5.2 Index selection

The target of index selection is to select columns to build indexes for optimal performance with certain
workloads and storage limitations. There are several challenges in this task. First, the number of potential
indexes is large, because indexes can be built on multiple columns. Second, some indexes may interact
with each other [101]. Third, it is not always beneficial to build more indexes, because inserts or updates
require expensive operations on indexes.

The index selection problem has been studied for decades, with typical research work shown in
Table 4 [56–68]. The column ‘Multi-column’ shows whether multi-column indexes are supported, which
is commonly used in modern databases. Traditional techniques use greedy algorithm or heuristic search
for pure benefit, such as Drop [56], AutoAdmin [57], Anytime [58], and Dexter, or benefit per storage,
such as DB2Advis [59], Relaxation [60], CoPhy [61], and Extend [62]. Kossmann et al. [102] evaluated
these algorithms with experiments on TPC-H, TPC-DS, and JOB, as well as cost and parameter analysis.
Some recent work proposes to use RL for this task, such as Basu et al. [63], Sadri et al. [64, 65], Sharma
et al. [66], and Lan et al. [67]. While Ding et al. [68] proposed a learning-based API for comparison of
execution plan cost, to replace the optimizer API in traditional index selection techniques.
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Table 4 Summary of research on index selection

Optimization target Research work Multi-column Technique

Drop [56] No Iteratively drop from current solution

Pure benefit
AutoAdmin [57] Yes Greedy with full enumeration

Anytime [58] Yes Greedy with seed configurations

Dexter Limited 2 Greedy with hypothetical indexes

DB2Advis [59] Yes Greedy with hypothetical indexes & random substitution

Per storage benefit
Relaxation [60] Yes Relax operations on the union set of candidates

Cophy [61] Yes Linear programming

Extend [62] Yes Iteratively extend current solution

Basu et al. [63] Yes Least square policy iteration (LSPI)

Reward function of RL
Sadri et al. [64, 65] No Deep Q-Learning

Sharma et al. [66] No Deep Q-Learning

Lan et al. [67] Yes Deep Q-Learning

Plan cost comparison Ding et al. [68] – Query-based machine learning

5.2.1 Pure benefit

Drop [56]. Drop generates the candidate column set with all potential single-columns. For each iteration,
it drops one candidate and evaluates the workload processing cost, until a given index number is reached.
Only single-column indexes are supported in this approach.

AutoAdmin [57]. AutoAdmin is proposed for Microsoft SQL Server. It generates the candidate
column set with the union of candidates from all queries. It enumerates all possible subsets of a given
size m, and uses a greedy algorithm to find n > m indexes. It creates (m + 1)-column indexes using
m-column indexes by iterations.

Anytime [58]. Anytime is a refined version of AutoAdmin in the database engine tuning advisor
(DTA) for Microsoft SQL Server. It considers both single and multiple-column indexes when generating
the candidate set. The core selection algorithm is still greedy enumeration, and it uses seed configurations
to avoid full enumeration, which also considers the index interactions.

Dexter7). Dexter is an open-source tool for PostgreSQL. It first gathers the templates and runtime
information of queries from the plan cache, and estimates their initial cost with EXPLAIN command.
Then it creates hypothetical indexes for all potential indexes and uses the optimizer to generate plans
and estimate the cost. The hypothetical indexes that are used in the plans make up of the candidate
set, and those with the most significant cost-savings are selected as recommendations. Only single- and
double-column indexes are supported in this approach.

5.2.2 Per storage benefit

DB2Advis [59]. DB2Advis is proposed for IBM’s DB2. It uses the optimizer and hypothetical indexes
to generate the candidate index set. Then it sorts the candidates by benefit-per-space in decreasing order,
and performs greedy selection until the storage budget is reached. Finally, it randomly substitutes the
selected indexes with other candidates to find lower costs due to index interactions.

Relaxation [60]. Relaxation first selects the optimal indexes for each query, and unions them as the
candidate set for the entire workload. Then it performs relaxed operations to reduce storage consumption,
including merging, splitting, prefixing, promoting (to clustered index), and removing.

Cophy [61]. CoPhy formulates the index selection problem as linear programming of binary integer
program (BIP). It minimizes the cost with the constraints that each query has a unique index option, and
the storage does not exceed the budget. Off-the-shelf BIP solvers can be used for the problem. CoPhy
also enables an interactive paradigm that allows early termination and incremental exploration.

Extend [62]. Extend starts with an empty set and extends the solution until the storage budget
is reached. First, the single-column index with the best benefit-per-storage is selected. Then, for each
iteration, a new single-column index is added, or a selected index is extended by appending an attribute.

7) https://ankane.org/introducing-dexter.
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5.2.3 Evaluation

According to the experiments of Kossmann et al. [102], for different workloads, budgets, and runtime
requirements, different approaches may work best. Extend and Anytime have the best overall performance
for both runtime and solution quality. With large budgets, AutoAdmin and DB2Advis are advisable for
short time, and Relaxation needs a longer time for better results. For small sizes, CoPhy guarantees
optimal solutions. Dexter is simple to use and Drop is easy to implement.

In each case of the experiments, both the performance and the runtime, i.e., the time to output index
suggestions, with different budgets are compared between the algorithms.

The first case is based on the TPC-H benchmark with 10 as the scaling factor. For memory budgets
from 0 to 10 GB, Extend and Anytime have the best performance. Relaxation is only worse for 3 types
of queries. Dexter and Drop perform worse than others. If budgets are large, the runtime of Anytime
increases a lot, while others almost remain constant (<25 s). CoPhy has the longest runtime of around
150 s.

The second case is based on TPC-DS with 10 as the scaling factor. It differs from TPC-H that there is
not a single dominating table, so impactful indexes do not have to be that large. For all budgets, Extend
and Anytime still have the best performance. DB2Advis performs well for small (<2 GB) and large
(>8 GB) budgets, but badly for the medium. Relaxation performs well for large (>6 GB) budgets.
Dexter performs the worst. The runtime of DB2Advis, Dexter, and AutoAdmin is short (a few seconds),
while Relaxation is the slowest (around 60 min).

The third case is based on JOB. Extend and Anytime perform well for small (<2 GB) and large
(>3.5 GB) budgets, but badly for the medium because fine-grained solutions are missing. DB2Advis
and CoPhy perform well for small budgets. Relaxation still performs well for large budgets. Drop and
AutoAdmin cannot recommend indexes for small budgets, but Drop works well for the medium. Dexter
still performs the worst and can only recommend indexes between 6 GB and 8 GB budgets. The runtime
of DB2Advis and Dexter is still short, while Relaxation is still the slowest (40 to 50 min).

5.2.4 Other approaches

Reinforcement learning. To formulate the index selection problem as RL, it needs to specify the state,
action, transition model, and reward function. In most RL-based index selection research, the state is
defined as the currently built indexes, and the action is defined as choosing an index to build. The reward
function and the algorithm to find the optimal policy vary between different pieces of work.

Basu et al. [63] defined a cost function instead of reward, which is the sum of the cost of index
modification and query execution. They built a Markov decision process [103] and used least square
policy iteration (LSPI) [104] to find the policy. Sadri et al. [64, 65] defined the reward function of the
i-th step as Cost0−Costi

Cost0
, where Cost0 and Costi indicate the query execution cost at the initial and the

i-th step. Sharma et al. [66] defined the reward as max(Cost0−Costi
Costi

, 0), and Lan et al. [67] defined it as
Costi−1−Costi

Cost0
. All three approaches use deep Q-Learning (DQN) [105,106], a value-based method, to find

the optimal policy. They use binary one-hot encoding for states.
The optimization target of RL-based approaches is slightly different from the previously mentioned

approaches. The RL algorithm follows a trace of actions, and maximizes the overall reward on the trace,
while previous approaches only minimize the query execution cost. It remains to be discussed whether
the optimization target of RL is reasonable for index selection.

Comparison API. Most index selection algorithms rely on the optimizer to estimate the cost of query
plans, which can be inaccurate. Ding et al. [68] proposed to use a machine learning model for the cost
comparison of two execution plans, as an approach to optimizing the index recommendation. The plans
are vectorized with a few feature channels, which measure the amount of work and encode the structure.
The machine learning model takes the difference between two plans as input, and outputs which plan has
a lower cost.

5.3 View materialization

View materialization refers to storing the results of selected queries or sub-queries, and using them in
other queries. It can improve the database performance by reducing redundant computation. Due to
a large number of queries and the cost of time and storage, it is challenging to identify which views to
materialize.
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Figure 4 (Color online) Procedure of adding a node.

Dokeroglu et al. [69]. Dokeroglu et al. aimed at exploiting common tasks of multiple queries
and generating an optimal global query plan. They detected common tasks of the given query set, and
initialized a global query plan for all queries. A cost model is built for the execution time of tasks based
on the statistics of the database. Then they proposed four algorithms to optimize the global query plan,
including branch-and-bound algorithm (B&B) [107], genetic algorithm (GA), hill climbing algorithm
(HCA) [108], and hybrid genetic-hill climbing algorithm (Hybrid-GHCA) [109, 110].

B&B searches all candidate solutions and selects the best one. It ensures the optimal solution but the
time complexity is high. GA first randomly generates individuals, i.e., global query plans, then performs
the crossover and mutation operations. The crossover operator takes two individuals, splits each into two
segments, and exchanges the second segment. The mutation operator randomly changes one point of an
individual. The new individuals always replace the worst ones. HCA is a local search algorithm that
visits the neighbors of the current solution to find better ones. Hybrid-GHCA combines GA and HCA
to improve the solution quality.

DB2 Design Advisor [70]. DB2 Design Advisor takes candidate views from several sources, including
all SELECT-FROM-WHERE-GROUP BY combinations in the queries, logical views defined by the
user, and suggested views from multiple-query optimization (MQO). The DB2 UDB technique for MQO
rewrites the queries with suitable compensation to construct common sub-expressions. The DB2 Design
Advisor selects a subset of the candidates within a storage budget with a greedy algorithm for the highest
performance improvement.

BIGSUBS [71]. BIGSUBS is an approximate algorithm proposed for view selection by Jindal et al.
They formulated the view selection problem into an integer linear programming (ILP) problem, which
maximizes the utility of materialized views with cost constraint. Then they mapped it to a bipartite
graph labeling problem [111] and proposed the BIGSUBS algorithm to solve it. The goal of BIGSUBS is
to assign 1-labels to the sub-expressions for the highest utility. The labels are initialized randomly, and
changed with a probability based on the utility and the storage cost for several iterations.

CLOUDVIEWS [72]. CLOUDVIEWS is a computation reuse framework for Microsoft’s SCOPE job
service [112, 113]. It supports online workloads with a feedback loop for runtime statistics, and focuses
on recurring workloads. Two approaches for view selection are considered, including top-k heuristics and
the BIGSUBS algorithm [71] mentioned previously.

Reinforcement learning. Reinforcement learning is also adopted for view selection. Yuan et al. [73]
proposed to use DQN [105,106] to solve the ILP formulation of view selection, with a wide-deep model to
estimate the benefit of a materialized view. Liang et al. [74] also proposed a DQN-based approach with
a different reward function.

5.4 Elastic resource

The elastic resource helps improve database performance by growing and shrinking the number of frag-
ments, replicas, and nodes as needed [78]. As an example, the basic procedure of adding a node is shown
in Figure 4. First, the data are re-partitioned and replicas are decided [114]. Then, it is decided how
to place the data on the nodes. Finally, the data is migrated between all the nodes according to the
placement decisions. The procedures of adding several nodes at once or reducing nodes are similar.
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Research work on the elastic resource is categorized into two classes. The first one focuses on the
allocation of resources and data, including adjusting the number of nodes, data re-partition, replication,
and placement. The second one focuses on live data migration, which aims at performing reconfiguration
without significant performance degradation of the system.

5.4.1 Allocation

The allocation of resources and data improves database performance in several ways. First, it matches the
resource demand of dynamic workloads while minimizing the cost [79]. Second, it balances the loads of
the horizontally partitioned data on different nodes [115] with certain partition, replication and placement
strategies [75–78].

Accordion [75] proposes a dynamic data placement system for partition-based DBMSs that support
ACID transactions. Firstly, Accordion estimates the capacity of servers heuristically considering the
affinity between partitions, which indicates the frequency partitions being accessed together by the same
transaction, and the access frequency of data partitions. Then Accordion formulates the data partition
placement problem as a Mixed Integer Linear Programming (MILP) problem. The objective of this MILP
problem is to find a partition placement plan that minimizes the data migration size while satisfying
the defined constraints, which can be solved using robust optimization tools. The database adjusts its
partition placement scheme and cluster size adaptively by activating Accordion periodically. However,
this work has a limitation in that its coarse-grained partition strategy may lead to workload imbalance
if multiple hot tuples concentrate in one data partition.

E-Store [76] aims at keeping load balance in different nodes of shared-nothing distributed DMBS.
It adopts a two-tiered partitioning idea instead of traditional single-tier hash and range partitioning
strategies. E-Store constantly monitors the CPU utilization of each database partition. If an imbalance
is detected, the access times of each tuple are monitored to identify hot tuples and cold tuples. Compared
with cold tuples, hot tuples are partitioned fine-grained and allocated first. To simplify the optimization
of partition plans, E-Store focuses on scenarios where all non-replicated tables of an OLTP database
form a tree-schema based on foreign key relationships, which means that it does not need to consider the
transactions that span multiple nodes.

Clay [77] extends the E-Store method to both tree-based schemas and more complex schemas with
arbitrary foreign key relationships. Instead of migrating all tuples of a pre-partitioned static block
together at once, Clay dynamically creates blocks of tuples to migrate among servers, balancing the
load as well as minimizing distributed transactions and migration overhead. The dynamic blocks, called
clumps in Clay, are created on-the-fly based on a heat graph that records detailed information about
co-accesses of the same transaction among tuples. The edge weights and vertex weights in the heat
graph represent the frequency of tuples being accessed together and individually respectively. In order to
balance the workload without creating new distributed transactions, a clump is constructed by expanding
from the hottest vertex to the neighboring vertex that is most frequently co-accessed with it iteratively.

P-Store [79] proactively reconfigures the database while the system still has sufficient resources to mi-
grate data and serve client transactions concurrently without performance interference. Because reactive
methods like E-Store and Clay reconfigure the system when overloads have already occurred, which re-
sults in further performance degradation in a short time, proactive methods are needed to overcome this
deficiency. P-Store does so by using a time-series prediction technique, Sparse Periodic Auto-Regression
(SPAR) [116], to predict future load of the database, and proposing a dynamic programming algorithm
to generate a cluster reconfiguration and data migration plan. P-Store makes several assumptions on
its plan: (1) workload prediction is accurate; (2) access time of each data partition is uniformly dis-
tributed; (3) data distribution of each partition is uniform; (4) transaction distribution of the workload
does not change quickly; (5) database size does not change quickly; (6) the workload has few distributed
transactions. P-Store improves on existing work on database elasticity by scaling proactively rather than
reactively, but it does not manage skew as E-Store and Clay do.

NashDB [78] proposes an adaptive data partition and configuration framework for OLAP workloads.
OLAP databases often expect that queries with a higher priority should experience relatively higher
performance than ones with a lower priority. In order to support query prioritization, NashDB relies
on query priority and accessed times to estimate the value of tuples. After that, it provides automatic
data fragmentation, replication, and placement strategies to design data reconfiguration plans that can
balance the demand for the fragment (the fragment values) with the cost of storing these fragments.
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It also optimizes the transition strategy to minimize data transfer using Kuhn-Munkres algorithm and
presents the MAX OF MINS algorithm to route data access requests.

5.4.2 Live data migration

Live data migration aims at transferring data between machines while continuously serving the incoming
transactions, instead of the stop-and-copy approach that causes latency. It takes the reconfiguration plan
of data as input, and performs the migration procedure.

Albatross [80] is a live data migration technique that applies to a multi-tenant database system for
OLTP workloads. This approach leverages the semantics of the database to migrate data efficiently while
maintaining minimal impact on tenant performance. The incoming transactions are executed on the
source node during migration. Simultaneously, the state of the database cache and active transactions
is iteratively synchronized to the destination node. Although Albatross is a real-time data migration
approach, there is still a short stop-and-copy migration when the source node hands over the transactions
to the destination. This downtime may not be acceptable to the system with SLAs.

Zephyr [81] uses phases of on-demand pull and asynchronous push of data for live migration in a
shared-nothing transactional database. It avoids service downtime by letting transactions run on the
destination node during data migration. Zephyr divides the data migration process into three stages:
Init Mode, Dual Mode, and Finished Mode. In the Dual Mode, previous active transactions on the
source node continue running on the source node, while incoming transactions are all executed on the
destination node. If a transaction on a destination accesses data that are not transmitted yet, it pulls the
data from the source node. But to maintain synchronization, once the migration is initiated, metadata
on the source node (for example, the index used to track the migration progress) can not be changed
until the migration is finished, which can cause transaction abort in some cases. Another limitation of
Zephyr is that transactions are blocked while the destination node is pulling a data chunk from a source
node. If the data chunk is frequently accessed by multiple transactions, it will cause many transactions
to block in a short time, resulting in a significant drop in throughput in a deterministic database system.
The above problem will become more serious in the larger size of the data chunk, and result in further
degradation in performance.

Squall [82] supports fine-grained data partition of databases in addition to the mechanism of on-demand
pull and asynchronous push of data. It allows the initial data chunk to be split into sub-chunks by a query,
and tracks the process of data migration for all sub-chunks at a particular partition. In this way, the
destination node can only pull the required range of data for incoming transactions, rather than the whole
data chunk at once. The fine-grained data partition method alleviates the transaction blocking issues in
Zephyr. Besides, Squall routes some incoming transactions to the source node if all data associated with
the transaction still locates at the source partition. In this way, the high latency caused by the frequent
pull data of the destination node at the beginning of the migration can be avoided. Squall has been
integrated with E-Store on H-Store [117]. In principle, it could be also used to execute the transition
plans created by NashDB.

MgCrab [83] executes incoming transactions both on the source and destination machines during the
migration, which differs from previous studies that execute incoming transactions on either the source
or destination machine. MgCrab proposes a two-phase background push mechanism to overcome the
limitation of incoming transactions being blocked on the source node during migration that existed in
previous jobs. MgCrab is applicable to any deterministic database system. By leveraging determinism,
it reduces the complexity and expensive overhead of ensuring consistency. How to introduce the MgCrab
mechanism into non-deterministic systems is still a problem worth thinking about.

5.5 Storage management

Distributed storage management techniques improve the performance of DBMSs by enhancing the ability
of the storage engine. On the one hand, they overcome the drawbacks of the general-purpose distributed
frameworks like Spark [96]. Although these frameworks enable high-performance computing, there are
some shortcomings related to big data management, such as the pressure on garbage collection and
the expensive recomputation for partition and index construction. On the other hand, they support the
additional methods for specific data types. For example, trajectory data requires additional querying and
analyzing methods, such as k-nearest neighbor queries. The storage engine must support these methods
with high performance.
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UlTraMan [84] is a unified platform for big trajectory data management and analytics. It enhances
the abilities of Spark by providing flexible mechanisms for random access, serialization, local indexing,
and runtime persistence. The support for random access is a fundamental design in UlTraMan. In
Spark, only the MEMORY ONLY storage level potentially supports random access, where the data are
fully deserialized. In UlTraMan, a new storage level ON KV is introduced, which uses Chronicle Map8)

instances to index the data items, i.e., with integers as key and the data items as values. The Chronicle
Map executes serialization and deserialization automatically, and supports both sequential and random
access. Based on these, UlTraMan provides a derived API, RandomAccessRDD, to support random data
access on the data of MEMORY ONLY or ON KV storage levels. It also provides flexible operational
interfaces, including ID query, range query, KNN, and DBSCAN clustering.

Dragoon [85] is a hybrid system of big trajectory data management for offline and online. It supports
both historical and streaming data processing with a hybrid storage design, where the mutable RDD
model, mRDD, is proposed. The mRDD model aims at supporting the frequent updates of the streaming
data. Each data partition is shared among multiple mRDDs, which is called RDD Share. Based on RDD
Share, three update strategies are provided. First, the newest-only strategy directly replaces the old
mRDD with the new one. It works when only the latest version of the trajectory data is needed. Second,
the share-append strategy places the new data on newly created partitions, and appends the partitions
to the target mRDD through RDD Share. It works when additional trajectory data are appended to
the history. Finally, the share-update strategy creates a new RDD by sharing unchanged partitions and
copying the remaining by inserting new data. It works when the trajectory data needs to be modified.
Dragoon avoids data inconsistencies through the RDD Mirror mechanism, which supports read/write
permissions and locks better in the distributed environment. Based on the hybrid storage design, Dragoon
supports hybrid analysis for both online and offline, which includes loading, pre-processing, management,
and analysis stages. Experiments show that for offline analytics, Dragoon has a similar performance as
UlTraMan, but decreases up to double storage overhead for editing. For online analytics, Dragoon has
better performance and scalability than general-purpose frameworks like Spark and Flink.

5.6 SQL antipattern detection

The antipatterns of SQL include bad schema and bad queries. The detection of SQL antipatterns can
assist the DBAs to locate the bad SQLs and rewrite them. To the best of our knowledge, current
techniques still rely on manually designed rules for the detection of such antipatterns.

Shao et al. [86] characterizes 34 types of antipatterns with empirical study. They summarize 24
database-access performance antipatterns from 27 research studies and 1 book, and derive 10 new antipat-
terns from the bugs of 7 direct-accessing web applications. They give the root causes of the antipatterns,
and categorize them as inefficient or unnecessary computation, inefficient data accessing, unnecessary
data retrieval, database design problems, application-design trade-offs, and so on. They also give a literal
description of the fix strategies, but the automatic fix program is not provided.

Khumnin et al. [87] developed a tool that uses Transact-SQL language9) to query and analyze the
database schema. It can detect schema antipatterns and give instructions on refactoring. It works in a
semi-automated manner to assist the DBA instead of a fully-automated manner, because it requires the
semantic of data for the antipattern detection. Supported antipatterns include cloning tables or columns,
creating multiple columns, leaving out the constraints, always depending on one’s parent, and one size
fitting all. They give definitions, examples, and detection heuristic on these antipatterns, which uses the
Transact-SQL language.

SQLCheck [88] is another tool for antipattern detection. It focuses on the antipatterns of both intra-
and inter-queries. It supports 26 antipatterns, which are categorized as logical design, physical design,
query, and data. It uses heuristic rules to detect them, and ranks them with a score function.

Soar10) is an open-source tool for SQL analysis and optimization. One of its functions is to rewrite
the bad queries. It employs a bunch of rewrite rules in a certain sequence, and each rule corresponds to
a possible antipattern. If the condition of a rule is met, it performs the rewrite operation to generate an
optimized query and corresponding explanations.

8) https://github.com/OpenHFT/Chronicle-Map.

9) https://technet.microsoft.com/en-us/library/ms189826(v=sql.90).aspx.

10) https://github.com/XiaoMi/soar.
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6 Challenges and future work

There are still several challenges related to database performance optimization. We summarize some
typical challenges as follows, with some future directions of research.

6.1 Performance prediction

Inaccurate estimations from the optimizer. Most existing techniques rely on cardinality and cost
estimations from the optimizer. Refs. [7, 14] revealed that such estimation could be inaccurate, which
has negative effects on the prediction result. Recently, machine learning techniques are proposed for
cardinality and cost estimation tasks to improve accuracy, including both supervised and unsupervised
approaches. Nevertheless, cardinality and cost estimation is still a challenging task due to the dynamic
workload and complex data distribution.

Gap to optimization. There is still a gap from prediction to optimization. For example, the
prediction technique can tell how many machines the system needs to be added, but it cannot tell when
and how to add them. Greedily adding them at once may not be a good choice, because the overhead of
data movement could influence the performance of the system and violate the SLA. Therefore, additional
techniques are needed between prediction and optimization.

6.2 Performance anomaly diagnosis

Limited anomaly data. Anomaly diagnosis techniques usually suffer from limited available anomaly
data. Significant performance regressions that result in complaints from customers seldom occur in a
stable database service. Small regressions may appear more frequently for OLTP workloads, but finding
such slow queries requires recording and analyzing the execution time of all queries, which is expensive
for OLTP workloads. It is not wise to focus on long execution time only, because queries executed in
high frequency may have strong effects on user experience, even if the execution time is very short. It
is also difficult to manually label such data with specific anomaly types. Most performance anomalies
do not produce warning logs, so DBAs usually spend much effort analyzing the queries and monitoring
data based on experience. The limited amount of labeled data can cause several problems, including cold
start and data skewness between different anomaly types.

Overhead of data collection. There are basically three sources of monitoring data: system,
database, and logs. System data are acquired from the system status, which is not expensive unless they
are collected too frequently. Database monitoring data are acquired from certain views in a database.
When tables are many and have large sizes, table-wise queries could take unaffordable time costs and
resources. Logging overhead is affordable in the warning mode. However, warning logs are usually in-
sufficient for performance diagnosis, so log-based techniques require logging in the debug mode, which
results in high overhead. For accurate and comprehensive diagnosis, it is plausible to collect as much
data as possible. Nonetheless, the overhead of data collection is a significant limitation.

OLTP vs. OLAP. The difference between OLTP and OLAP workloads is notable in anomaly diag-
nosis. There are different anomaly symptoms, such as the execution time of slow queries and monitoring
data of resources. However, different symptoms may arise from the same root causes, such as bad index
design and lock contentions. To achieve high accuracy, diagnosis techniques should consider such dif-
ferences. For hybrid transaction/analytical processing (HTAP), the diagnosis is challenging due to this
issue.

6.3 Performance optimization

When to optimize. Most optimization techniques are triggered by some signals instead of continuous
working because the optimization overhead may affect the performance of the service, and bad actions
may harm the system stability. Some of them need human instructions on when to optimize, which
requires human efforts and relies on the experience of the DBA. Another choice is automatic triggers,
such as system states, throughput drop, and high resource consumption. Both methods may start the
optimization after the occurrence of performance regressions. A plausible way is to optimize ahead
of time, which requires performance prediction techniques. However, it is still challenging to combine
optimization with a prediction as mentioned before.
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Dynamic workload. The workload in real-life databases dynamically changes, which affects the
effectiveness of optimization plans. Some techniques use the backups of databases to run the optimization
algorithm for trial and error. The workload they use is usually sampled from recent histories. When the
optimization plan is generated, the workload on the service system may have become quite different from
the sample workload, and the plan may not be suitable for the current environment.

Another choice is to optimize the database online [98]. Such techniques take the current or predicted
workload as the input and directly perform optimization steps on the service system. They can keep pace
with the dynamic workload, but it may risk the safety of the service system. Hence, the performance of the
service system should not violate SLA during and after the optimization steps. If the technique performed
trial-and-error steps or made wrong decisions, the safety requirement would be violated. Additional rules
may help reduce such risks, but the design of such rules still requires human experience and effort.

6.4 Other topics

In recent years, the topic of self-driving DBMSs [10] has become popular, where the DBMS tunes itself
according to the workload and database environment. It differs from previously discussed techniques as
it works as a complete system that does not require any human effort to optimize the performance.

Currently, the optimization components of database systems work separately. The tuners of different
configurations, e.g., knobs, indexes, and views, do not consider interactions with one another during the
tuning process. The prediction and diagnosis tools do not automatically guide tuners as a complete
system. It still requires the operation and maintenance personnel to keep monitoring the whole system
and decide on approaches to solve performance problems.

Some other topics also need to be explored. Nowadays, there are many modern designs of database com-
ponents, such as learning-based optimizers, nonvolatile memory, and large-scale distributed engines [118].
From the perspective of the operation and maintenance personnel, the performance prediction, diagnosis,
and tuning of these systems should be different from traditional DBMSs and remain to be studied in the
future.

7 Summary

Performance prediction, diagnosis, and tuning are important techniques for database performance op-
timization from the perspective of the operation and maintenance personnel. These topics have been
widely studied for years in the field of database research. The prediction techniques take the workload
and configuration information as the input and estimate the throughput or latency. They are strongly
related to resource consumption and may have restrictions on DBMS scenarios. The diagnosis tech-
niques are categorized by input data, i.e., monitoring metrics, logs, or time metrics, which correspond
to their abilities. The monitoring metrics may support general-performance anomalies or root-cause key
performance indicator detection. The logs typically support system behavior analysis. Time metrics
may support specific issues, such as performance bottlenecks or resource contentions. Tuning techniques
correspond to the influencing factors of database performance, including knobs, indexes, views, resources,
and SQL design. We do not discuss the design of the DBMS in this review because we basically follow
the perspective of the operation and maintenance personnel. This survey reviews notable research work
on these topics, which provides some guidance on performance improvement in database services.
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