Reinforcement Learning for Test Case Prioritization
Abstract:
Continuous Integration (CI) significantly reduces integration problems, speeds up development time, and shortens release time. However, it also introduces new challenges for quality assurance activities, including regression testing, which is the focus of this work. Though various approaches for test case prioritization have shown to be very promising in the context of regression testing, specific techniques must be designed to deal with the dynamic nature and timing constraints of CI. Recently, Reinforcement Learning (RL) has shown great potential in various challenging scenarios that require continuous adaptation, such as game playing, real-time ads bidding, and recommender systems. Inspired by this line of work and building on initial efforts in supporting test case prioritization with RL techniques, we perform here a comprehensive investigation of RL-based test case prioritization in a CI context. To this end, taking test case prioritization as a ranking problem, we model the sequential interactions between the CI environment and a test case prioritization agent as an RL problem, using three alternative ranking models. We then rely on carefully selected and tailored state-of- the-art RL techniques to automatically and continuously learn a test case prioritization strategy, whose objective is to be as close as possible to the optimal one. Our extensive experimental analysis shows that the best RL solutions provide a significant accuracy improvement over previous RL-based work, with prioritization strategies getting close to being optimal, thus paving the way for using RL to prioritize test cases in a CI context.
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INTRODUCTION: 
The common practice of Continuous Integration (CI), software developers integrate their work more fre- quently with the mainline code base, often several times a day [1]. Overall, CI significantly reduces integration problems, speeds up development time, and shortens release time [2]. However, it also introduces new challenges regarding quality assurance activities. Regression testing is most particularly affected due to (1) a very dynamic environment resulting from frequent changes in source code and test cases, (2) timing con- straints, since regression testing should be fast enough to
enable the code to be built and tested frequently.
By default, regression testing runs all previously exe- cuted test cases to gain confidence that new changes do not break existing functionality (run-them-all approach). How- ever, depending on the size of the code base, the number of test cases can be huge and their execution often requires many servers and can take hours or even days to complete. Test case selection and prioritization techniques remedy this issue by selecting and prioritizing a subset of test cases that are (1) sufficient to test new changes while accounting for their side effects, and (2) able to detect faults as early as possible. These techniques often rely on a mixture of code coverage analysis (e.g., [3]), heuristics based on test execu- tion history (e.g., [4]), and domain-specific heuristics and rules (e.g., [3]). Further, some researchers (e.g., [5], [6]) have relied on machine learning (ML) techniques in order to learn, by combining all information sources, optimal selec- tion and prioritization heuristics. This work provides a good basis on which to address the challenges of CI regres- sion testing. However, existing approaches must still be improved to deal with the dynamic nature and timing con- straints of CI. In general, applicable test case selection and prioritization techniques must be significantly faster than the run-them-all approach to be beneficial. While the same condition holds in the context of CI, such techniques should furthermore be fast enough to avoid delays in the typically quick build cycles, as this is the main justification for CI.
Any ML-based solution for test case prioritization in the context of CI needs to handle large amounts of historical data (e.g., test case and code change history) and adapt con- tinuously to changes in the system and test suites, reflected in newly collected data. While supervised ML techniques can deal with abundant data, their continuous adaptation to new data is impractical and time-consuming. More specifi- cally, the majority of current ML techniques are restricted to the classical batch setting that assumes the full data set is available prior to training, do not allow incremental learn- ing (i.e., continuous integration of new data into already constructed models) but instead regularly reconstruct new models from scratch. This is not only very time-consuming but also leads to potentially outdated models. For example, MART [6], the ML technique reported to be the most accu- rate for test case prioritization, does not support incremen- tal learning because it is an ensemble model of boosted regression trees that is designed for static data [7].
Recently, Reinforcement Learning (RL) has shown great potential in various challenging scenarios that require continu- ous adaptation, such as game playing [8], real-time ads bid- ding [9], and recommender systems [10]. Inspired by this line of work and some initial and partial efforts in supporting test case prioritization with RL techniques, we perform here a com- prehensive investigation of RL-based test case prioritization. To this end, taking test case prioritization as a ranking problem, we model the sequential interactions between the CI environ- ment and a test case prioritization agent as an RL problem, guided by three different ranking models from information retrieval [11]: pairwise, listwise, and pointwise ranking. We then rely on carefully selected and tailored state-of-the-art RL techniques to automatically and continuously learn a test case prioritization strategy, whose objective is to be as close as possi- ble to the optimal one. In particular, we introduce a CI environ- ment simulator (i.e., replayer of test execution history) based on the three ranking models, which can be used to train model parameters using available and continuously incoming test execution history from previous CI cycles, in order to prioritize test cases in subsequent cycles. The training process is adaptive in the sense that the agent is provided feedback at the end of each cycle, by replaying the execution logs of test cases, to ensure that the agent policy is efficiently and continuously adapting to changes in the system and regression test suite. Existing results regarding RL, however, show that, in terms of accuracy, it does not fare nearly as well as the best supervised ML algorithms, e.g., MART [6]. Our main objective is therefore to benefit from the practical advantages of RL while at least retaining the prioritization accuracy of the best ML techniques. We have conducted extensive experiments using a vari- ety of carefully selected RL configurations (ranking model and RL algorithm) based on eight publicly available data- sets, two of them containing only execution history while the remaining six are augmented with light-weight code features. We refer to the former and latter datasets as ”simple” and ”enriched”, respectively. The results show that, for enriched datasets, the best configurations bring a significant ranking accuracy improvement compared not only with previous RL-based work, but also with MART. Further, though the accuracy is inadequate for simple data- sets regardless of the employed RL technique, we reach high accuracy for all enriched datasets, leading to test case prioritization policies that are close to the pre-determined optimal policies for each dataset. Differences in training time across configurations, though significant, are not prac- tically relevant in our context. Such results suggest that applying RL in practice would be beneficial when relying
on adequate datasets, going beyond test execution history. To summarize, our work makes the following contribu-
tions towards effective and scalable test case prioritization in the context of CI.

· A comprehensive set of solutions for the modeling of test case prioritization as an RL problem, including

Background:
In this section, we describe the terms and notations we use to define the test prioritization problem in our work, and describe the RL models we rely on to support test case prioritization.
Test case prioritization:
Regression testing of a new software release is an essential software quality assurance activity. However, the regres- sion testing of a software system with a large code base often requires the execution of a large number of test cases, which is time-consuming and resource-intensive. Test case prioritization aims to find an optimal ordering for the test case executions to detect faults as early as possible. Thus, executing a small fraction of a prioritized test suite may reduce the cost and time of testing while detecting most of the faults. In this work, our focus is regression test cases pri- oritization in the context of Continuous Integration (CI) of a software system where at each CI cycle, the system is built


	Types          Features                                                                       Description
Program size AvgLine, AvgLineBlank, AvgLineCode, AvgLineComment, CountDeclFunction, CountLine, CountLineBlank, CountLineCode, CountLineCodeDecl, CountLineCodeExe, CountLineComment, CountSemicolon, CountStmt, CountStmtDecl, CountStmtExe, RatioCommentToCode

                                                   Features related to the amount of lines of code, declarations, statements, and files








