
https://doi.org/10.1145/3514221.3517845
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3514221.3517845
























https://www.nsf.gov/awardsearch/showAward?AWD_ID=1846158
https://www.nsf.gov/awardsearch/showAward?AWD_ID=1822933
https://sloan.org/grant-detail/8638


References
[1] 2021. NoisePage – Database Management System Project. https://noise.page.
[2] 2022. BenchBase: Multi-DBMS SQL Benchmarking Framework. https://

github.com/cmu-db/benchbase.
[3] Mohammad Alomari, Michael Cahill, Alan Fekete, and Uwe Rohm. 2008. The

Cost of Serializability on Platforms That Use Snapshot Isolation. In ICDE ’08.
576–585.

[4] Amazon Web Services, Inc. 2021. Amazon RDS Performance Insights. https:
//aws.amazon.com/rds/performance-insights/.

[5] Chris Andrews. 2017. chrisa/libusdt: Create DTrace probes at runtime. https:
//github.com/chrisa/libusdt.

[6] Kiam Heong Ang, G. Chong, and Yun Li. 2005. PID control system analysis,
design, and technology. IEEE Transactions on Control Systems Technology 13, 4
(2005), 559–576.

[7] Emre Ates, Lily Sturmann, Mert Toslali, Orran Krieger, Richard Megginson,
Ayse K Coskun, and Raja R Sambasivan. 2019. An automated, cross-layer in-
strumentation framework for diagnosing performance problems in distributed
applications. In SoCC. 165–170.

[8] Michael J. Cahill, Uwe Röhm, and Alan D. Fekete. 2008. Serializable isolation
for snapshot databases. In Proceedings of the 2008 International Conference on
Management of Data (SIGMOD ’08). 729–738.

[9] Richard Cole, Florian Funke, Leo Giakoumakis, Wey Guy, Alfons Kemper, Stefan
Krompass, Harumi Kuno, Raghunath Nambiar, Thomas Neumann, Meikel Poess,
Kai-Uwe Sattler, Michael Seibold, Eric Simon, and Florian Waas. 2011. The Mixed
Workload CH-BenCHmark. In DBTest. Article 8, 6 pages.

[10] Brian F. Cooper, Adam Silberstein, Erwin Tam, Raghu Ramakrishnan, and Russell
Sears. 2010. Benchmarking Cloud Serving Systems with YCSB. In SoCC. 143–154.

[11] Sudipto Das, Miroslav Grbic, Igor Ilic, Isidora Jovandic, Andrija Jovanovic, Vivek R
Narasayya, Miodrag Radulovic, Maja Stikic, Gaoxiang Xu, and Surajit Chaudhuri.
2019. Automatically Indexing Millions of Databases in Microsoft Azure SQL
Database. In SIGMOD ’19. 666–679.

[12] Djellel Eddine Difallah, Andrew Pavlo, Carlo Curino, and Philippe Cudré-
Mauroux. 2013. OLTP-Bench: An Extensible Testbed for Benchmarking Relational
Databases. PVLDB 7, 4 (2013), 277–288.

[13] SongyunDuan, Vamsidhar Thummala, and Shivnath Babu. 2009. TuningDatabase
Configuration Parameters with iTuned. Proceedings of the VLDB Endowment 2, 1
(2009), 1246–1257.

[14] Facebook. 2021. folly/tracing: Utility for User-level Statically Defined Tracing.
https://github.com/facebook/folly/tree/master/folly/tracing.

[15] Rodrigo Fonseca, George Porter, Randy H. Katz, and Scott Shenker. 2007. X-
Trace: A Pervasive Network Tracing Framework. In 4th USENIX Symposium on
Networked Systems Design & Implementation (NSDI 07).

[16] Yu Gan, Yanqi Zhang, Kelvin Hu, Dailun Cheng, Yuan He, Meghna Pancholi, and
Christina Delimitrou. 2019. Seer: Leveraging big data to navigate the complexity
of performance debugging in cloud microservices (ASPLOS ’19). 19–33.

[17] G. Graefe. 1994. Volcano: An Extensible and Parallel Query Evaluation System.
6, 1 (Feb. 1994), 120–135.

[18] Brendan Gregg. 2019. BPF Performance Tools: Linux System and Application
Observability (1st ed.). Addison-Wesley Professional.

[19] Peng Huang, Chuanxiong Guo, Jacob R. Lorch, Lidong Zhou, and Yingnong
Dang. 2018. Capturing and Enhancing In Situ System Observability for Failure
Detection. In OSDI ’18. 1–16.

[20] Suman Karumuri, Franco Solleza, Stan Zdonik, and Nesime Tatbul. 2021. Towards
Observability Data Management at Scale. SIGMOD Rec. 49, 4 (March 2021), 18–23.

[21] Andreas Kipf, Dimitri Vorona, Jonas Müller, Thomas Kipf, Bernhard Radke, Viktor
Leis, Peter Boncz, Thomas Neumann, and Alfons Kemper. 2019. Estimating
cardinalities with deep sketches. In SIGMOD. 1937–1940.

[22] Tim Kraska, Mohammad Alizadeh, Alex Beutel, H Chi, Ani Kristo, Guillaume
Leclerc, Samuel Madden, Hongzi Mao, and Vikram Nathan. 2019. Sagedb: A
learned database system. In CIDR.

[23] Cockroach Labs. 2021. EXPLAIN ANALYZE | CockroachDB Docs. https://
www.cockroachlabs.com/docs/stable/explain-analyze.html.

[24] Joshua Levin and Theophilus A. Benson. 2020. ViperProbe: Rethinking Microser-
vice Observability with eBPF. In CloudNet. 1–8.

[25] Guoliang Li, Xuanhe Zhou, Shifu Li, and Bo Gao. 2019. Qtune: A query-aware
database tuning system with deep reinforcement learning. Proceedings of the
VLDB Endowment 12, 12, 2118–2130.

[26] Guoliang Li, Xuanhe Zhou, Ji Sun, Xiang Yu, Yue Han, Lianyuan Jin, Wenbo
Li, Tianqing Wang, and Shifu Li. 2021. openGauss: An Autonomous Database
System. Proc. VLDB Endow. 14, 12 (2021), 3028–3041.

[27] Tianyu Li, Matthew Butrovich, Amadou Ngom, Wes McKinney, and Andrew
Pavlo. 2021. Mainlining Databases: Supporting Fast Transactional Workloads on
Universal Columnar Data File Formats. Proc. VLDB Endow. 14, 4, 534–546.

[28] Lin Ma, Dana Van Aken, Ahmed Hefny, Gustavo Mezerhane, Andrew Pavlo, and
Geoffrey J. Gordon. 2018. Query-based Workload Forecasting for Self-Driving
Database Management Systems. In SIGMOD. 631–645.

[29] Lin Ma, William Zhang, Jie Jiao, Wuwen Wang, Matthew Butrovich, Wan Shen
Lim, Prashanth Menon, and Andrew Pavlo. 2021. MB2: Decomposed Behavior

Modeling for Self-Driving Database Management Systems. In SIGMOD. 1248–
1261.

[30] Ryan Marcus and Olga Papaemmanouil. 2019. Plan-Structured Deep Neural
Network Models for Query Performance Prediction. Proc. VLDB Endow. 12, 11
(2019), 1733–1746.

[31] MariaDB. 2021. MariaDB Enterprise Documentation. https://mariadb.com/docs/
reference/mdb/system-variables/join_buffer_size/.

[32] Leonardo Mariani, Cristina Monni, Mauro Pezzé, Oliviero Riganelli, and Rui
Xin. 2018. Localizing faults in cloud systems. In 2018 IEEE 11th International
Conference on Software Testing, Verification and Validation (ICST). IEEE, 262–273.

[33] Paul E. McKenney, Joel Fernandes, Silas Boyd-Wickizer, and Jonathan Walpole.
2020. RCU Usage In the Linux Kernel: Eighteen Years Later. SIGOPS Oper. Syst.
Rev. 54, 1 (Aug. 2020), 47–63.

[34] MongoDB, Inc. 2019. mongodb/mongo: usdt.h. https://github.com/mongodb/
mongo/blob/master/src/mongo/platform/usdt.h.

[35] Barzan Mozafari, Carlo Curino, Alekh Jindal, and Samuel Madden. 2013. Perfor-
mance and resource modeling in highly-concurrent OLTP workloads. In SIGMOD.
ACM, 301–312.

[36] MySQL. 2007. mysql/mysql-server: sql_profile.cc. https://github.com/mysql/
mysql-server/blob/8.0/sql/sql_profile.cc.

[37] Thomas Neumann. 2011. Efficiently Compiling Efficient Query Plans for Modern
Hardware. PVLDB 4, 9 (2011), 539–550.

[38] Thomas Neumann, Tobias Mühlbauer, and Alfons Kemper. 2015. Fast Serializable
Multi-Version Concurrency Control for Main-Memory Database Systems. In
SIGMOD. 677–689.

[39] Oracle. 2021. Self-Driving Database | Autonomous Database Oracle 19c. https:
//oracle.com/database/autonomous-database/.

[40] Oracle Corporation. 2015. MySQL 5.7 ReferenceManual :: 5.8.4 Tracingmysqld Us-
ing DTrace. https://dev.mysql.com/doc/refman/5.7/en/dba-dtrace-server.html.

[41] Andrew Pavlo, Gustavo Angulo, Joy Arulraj, Haibin Lin, Jiexi Lin, Lin Ma,
Prashanth Menon, Todd Mowry, Matthew Perron, et al. 2017. Self-Driving
Database Management Systems. In CIDR.

[42] Andrew Pavlo, Matthew Butrovich, Ananya Joshi, Lin Ma, Prashanth Menon,
Dana Van Aken, Lisa Lee, and Ruslan Salakhutdinov. 2019. External vs. Internal:
An Essay on Machine Learning Agents for Autonomous Database Management
Systems. IEEE Data Engineering Bulletin (June 2019), 32–46.

[43] PostgreSQL. 2002. postgres/postgres: getrusage.c. https://github.com/postgres/
postgres/blob/master/src/port/getrusage.c.

[44] PostgreSQL. 2006. postgres/postgres: probes.d. https://github.com/postgres/
postgres/blob/master/src/backend/utils/probes.d.

[45] PostgreSQL. 2006. PostgreSQL: Documentation: 14: EXPLAIN. https://
www.postgresql.org/docs/current/sql-explain.html.

[46] SolarWinds. 2021. Database Performance Monitor (DPM) | SolarWinds. https:
//vividcortex.com/.

[47] Alexei Starovoitov. 2013. LKML: Alexei Starovoitov [PATCH net-next] extended
BPF. https://lkml.org/lkml/2013/9/30/627.

[48] Sthima. 2017. sthima/libstapsdt: Create Systemtap’s USDT probes at runtime.
https://github.com/sthima/libstapsdt.

[49] Jörg Thalheim, Antonio Rodrigues, Istemi Ekin Akkus, Pramod Bhatotia,
Ruichuan Chen, Bimal Viswanath, Lei Jiao, and Christof Fetzer. 2017. Sieve:
Actionable Insights from Monitored Metrics in Distributed Systems. In Proceed-
ings of the 18th ACM/IFIP/USENIXMiddleware Conference (Middleware ’17). 14–27.

[50] The Transaction Processing Council. 2007. TPC-C Benchmark (Revision 5.9.0).
http://www.tpc.org/tpcc/spec/tpcc_current.pdf.

[51] Linus Torvalds. 2012. kernel/git/torvalds/linux.git - Linux kernel source tree.
https://git.kernel.org/pub/scm/linux/kernel/git/torvalds/linux.git/commit/?id=
654443e20dfc0617231f28a07c96a979ee1a0239.

[52] Dana Van Aken, Andrew Pavlo, Geoffrey J. Gordon, and Bohan Zhang. 2017.
Automatic Database Management System Tuning Through Large-scale Machine
Learning. In SIGMOD. 1009–1024.

[53] Junxiong Wang, Immanuel Trummer, and Debabrota Basu. 2021. Demonstrating
UDO: A Unified Approach for Optimizing Transaction Code, Physical Design,
and System Parameters via Reinforcement Learning. In SIGMOD. 2794–2797.

[54] Vince Weaver. 2013. The Unofficial Linux Perf Events Web-Page. http:
//web.eece.maine.edu/~vweaver/projects/perf_events/.

[55] Antoni Wolski. 2009. TATP Benchmark Description (Version 1.0). http:
//tatpbenchmark.sourceforge.net.

[56] Li Wu, Johan Tordsson, Erik Elmroth, and Odej Kao. 2020. MicroRCA: Root
Cause Localization of PerformanceIssues in Microservices. In IEEE/IFIP Network
Operations and Management Symposium (NOMS ’20). IEEE, 1–9.

[57] Ji Zhang, Yu Liu, Ke Zhou, Guoliang Li, Zhili Xiao, Bin Cheng, Jiashu Xing,
Yangtao Wang, Tianheng Cheng, Li Liu, et al. 2019. An End-to-End Automatic
Cloud Database Tuning System Using Deep Reinforcement Learning. In SIGMOD.
415–432.

[58] Xuanhe Zhou, Ji Sun, Guoliang Li, and Jianhua Feng. 2020. Query Performance
Prediction for Concurrent Queries using Graph Embedding. Proc. VLDB Endow.
13, 9 (2020), 1416–1428.

Session 9: Database Monitoring and Tuning SIGMOD ’22, June 12–17, 2022, Philadelphia, PA, USA

630

https://noise.page
https://github.com/cmu-db/benchbase
https://github.com/cmu-db/benchbase
https://aws.amazon.com/rds/performance-insights/
https://aws.amazon.com/rds/performance-insights/
https://github.com/chrisa/libusdt
https://github.com/chrisa/libusdt
https://github.com/facebook/folly/tree/master/folly/tracing
https://www.cockroachlabs.com/docs/stable/explain-analyze.html
https://www.cockroachlabs.com/docs/stable/explain-analyze.html
https://mariadb.com/docs/reference/mdb/system-variables/join_buffer_size/
https://mariadb.com/docs/reference/mdb/system-variables/join_buffer_size/
https://github.com/mongodb/mongo/blob/master/src/mongo/platform/usdt.h
https://github.com/mongodb/mongo/blob/master/src/mongo/platform/usdt.h
https://github.com/mysql/mysql-server/blob/8.0/sql/sql_profile.cc
https://github.com/mysql/mysql-server/blob/8.0/sql/sql_profile.cc
https://oracle.com/database/autonomous-database/
https://oracle.com/database/autonomous-database/
https://dev.mysql.com/doc/refman/5.7/en/dba-dtrace-server.html
https://github.com/postgres/postgres/blob/master/src/port/getrusage.c
https://github.com/postgres/postgres/blob/master/src/port/getrusage.c
https://github.com/postgres/postgres/blob/master/src/backend/utils/probes.d
https://github.com/postgres/postgres/blob/master/src/backend/utils/probes.d
https://www.postgresql.org/docs/current/sql-explain.html
https://www.postgresql.org/docs/current/sql-explain.html
https://vividcortex.com/
https://vividcortex.com/
https://lkml.org/lkml/2013/9/30/627
https://github.com/sthima/libstapsdt
http://www.tpc.org/tpcc/spec/tpcc_current.pdf
https://git.kernel.org/pub/scm/linux/kernel/git/torvalds/linux.git/commit/?id=654443e20dfc0617231f28a07c96a979ee1a0239
https://git.kernel.org/pub/scm/linux/kernel/git/torvalds/linux.git/commit/?id=654443e20dfc0617231f28a07c96a979ee1a0239
http://web.eece.maine.edu/~vweaver/projects/perf_events/
http://web.eece.maine.edu/~vweaver/projects/perf_events/
http://tatpbenchmark.sourceforge.net
http://tatpbenchmark.sourceforge.net

	Abstract
	1 INTRODUCTION
	2 BACKGROUND
	2.1 Self-Driving DBMS
	2.2 Input Features Collection
	2.3 Output Metrics Collection
	2.4 Offline vs. Online Training Data

	3 FRAMEWORK OVERVIEW
	3.1 Setup Phase
	3.2 Runtime Phase

	4 RESOURCE PROBES
	4.1 CPU Probe
	4.2 Memory Probe
	4.3 Network Probe
	4.4 Disk Probe

	5 ENGINEERING
	5.1 BPF Development
	5.2 Query Engine Integration
	5.3 Sampling
	5.4 Dynamic Feature Selection

	6 EVALUATION
	6.1 Workloads
	6.2 Runtime Overhead
	6.3 Adjustable Sampling
	6.4 Adapting to Environment Changes
	6.5 Model Convergence
	6.6 Model Generalization

	7 RELATED WORK
	8 CONCLUSION
	Acknowledgments
	References



