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Abstract. The iterative update of software leads to frequent continuous integra-
tion, so the testing in the continuous integration environment should also be fast
and accurate. Reinforcement learning is often used in the research of continuous
integration testing because of its sequential strategy and good robustness. Some
existing methods use reinforcement learning to solve test case prioritization prob-
lem, which provides a good idea, but the experimental defect detection rates are
relatively low. Therefore, based on the existing reinforcement learning frame-
work, this article proposes a reward mechanism to provide additional rewards for
newly emerging test cases in each integration cycle. Through experiments on
three industrial datasets, it has been proven that this mechanism improves the
defect detection rate, the recall rate of failed test cases, and the efficiency of test
feedback in the testing process.

Keywords: test case prioritization, continuous integration, reinforcement learn-
ing, additional rewards for new test cases

1 Introduction

With the development of computer and software, Devops has become the main mode
of current software development, and one of the key links is continuous integration
(CI). Continuous integration refers to the process that developers continuously integrate
new code into existing systems, and compile, test, and release it [1]. For large systems,
continuous integration is usually performed once or more a day. Therefore, testing in
the continuous integration environment is carried out in the case of very limited time
resources, which requires the testing framework to be as fast and efficient as possible
[2]. The strict requirement for timeliness is the biggest difference between the continu-
ous integration test environment and the traditional software test environment, which
also means that the traditional test optimization methods may not be directly migrated
to the continuous integration environment [3].
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In each cycle of continuous integration, a test case set will be generated according
to the current system, and a part of the test case set will be run to detect whether the
system has defects. There are many ways to conduct test optimization, such as Test
Case Selection (TCS) [4], Test Case Prioritization (TCP) [5], Test Suite Minimization
(TSM) [6], etc. Test case selection selects a part of the test cases according to some
standards, and test case prioritization sorts them according to the properties of the test
cases so that some cases can be executed first, while test suite minimization remove
some redundant or expired test cases. Because the time intervals between continuous
integration cycles are short, it is unrealistic to run all the test cases in the test case set
[7]. We will focus on test case prioritization so that those important test cases can be
tested preferentially and the testing time can be fully utilized. Test case prioritization is
often related to code. Many methods consider code coverage [8], defect detection rate
[9], requirement correlation [10], test case similarity [11], test history [12] and other
information when ranking test cases [13]. In recent years, machine-learning-based and
search-based test case sorting methods have become mainstream [14], however, the
data used for training in most methods still needs to be extracted from system code. For
continuous integration testing, if the source code needs to be analyzed every cycle, it is
difficult to form a lightweight framework even with incremental analysis [15]. There-
fore, in order to achieve intelligent data analysis suitable for continuous integration
testing, the data used to train should meet the intuitive and accessible nature, such as
historical execution information, and a sorting model that can simulate the continuous
integration environment and process test case information is needed.

There has been a lot of research on test case prioritization in continuous integration
environment. Lima et al. [16] improves COLEMAN, a learning-based sorting method,
and puts forward two strategies to deal with variables, which makes COLEMAN prac-
ticable for highly-configurable software in continuous integration; Rosenbauer et al.
[17] proposed and optimized a test case ranking model based on Learning Classification
System (LCS), and demonstrated through experiments that it performs better than net-
work-based models; Xiao et al. [18] proposed a sorting method based on Long Short-
Term Memory Network (LSTM) and applied it to embedded software, which improved
its fault detection rate in the continuous integration environment; Ali et al. [19] pro-
posed a clustering method that clusters and sorts test cases based on their historical
failure frequency and coverage criteria, achieving a defect detection rate of over 90%.

The test case prioritization in continuous integration environment is essentially a
sequential decision-making process [20]. Selecting the test cases that are most likely to
discover defects in each integration cycle and executing them preferentially coincide
with the idea of reinforcement learning. Reinforcement learning [21] is a branch of
machine learning that involves the continuous interaction and learning between the
agent and the environment. Several important elements are state, action, and reward.
The agent takes an action based on the current state and feedback from the previous
environment, changes the state of the environment, and receives reward of the action
from the environment. Therefore, reward will gradually guide the agent to make more
correct choices. Because test cases that previously detected defects are highly likely to
still detect defects in subsequent cycles [22], the mechanism of reinforcement learning
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to provide reward feedback to the agent can actually help the agent to "remember"
which test cases are more likely to detect defects.

The RETECS framework proposed by Spieker et al. [23] in 2017 is the first frame-
work that applies reinforcement learning to test case prioritization in continuous inte-
gration environment. The process of this framework is shown in Fig. 1. Reinforcement
learning adds a feedback loop to the original continuous integration process, enabling
the agent to continuously improve the sorting strategy and the sorting outcome accord-
ing to the feedbacks. There are three reward mechanisms proposed simultaneously with
this framework: (1) FC (Failure Count) reward, which rewards all test cases in the test
case set, with the reward value being the number of failed test cases in the test sequence;
(2) TF (Test Case Failure) reward, only rewards failed test cases in the test sequence,
with the reward value of 1; (3) time-rank reward, is a reward for test cases in the test
sequence, with reward value determined based on the test result of the test case and its
position in the test sequence. According to Spieker et al.'s experiment, the TF reward
performs the best.

Reinforcement
Learning Policy

_______________ ]

‘: Test Cases -—:- Prioritization rrioritized legtion:& A3 Test Execution i
! ‘J Test Cases Scheduling Schedule ! !

Evaluation

Developer |
Feedback |

Fig. 1. the Process of RETECS

Afterwards, the framework also underwent many improvements, mainly in terms of
the reward mechanism. He et al. [24] proposed two new reward functions: (1) HFC
(Historical Failure Count) reward, considers the historical failure count of test cases;
(2) APHF (Average Percentage of Historical Failure) reward, takes into account the
execution history of test cases, resulting in higher reward values for test cases with
more recent failures. Thereafter, Wu et al. [25] proposed a reward function based on
time windows, which only uses historical information from the last few cycles. At the
same time, Yang et al. [26] summarized the reward object selection strategy, in addition
to total and partial rewards, they proposed a fuzzy reward strategy, which determines
whether a test case is rewarded based on its historical failure rate. In addition, in the
design of reward functions, there are studies that consider the testing frequency of test
cases [27] and failure location [28]; In terms of the selection of reward objects, there
are also studies that determine whether to reward based on testing frequency [27], as
well as the similarity between test cases [29]. Although the above researches have made
some advancements compared to the initial version, most of these methods only con-
sider the historical execution information of test cases. Different reward mechanisms
are essentially the interception and weighted calculation of historical execution se-
quences, and when allocating rewards, test cases are mostly divided into failed test
cases and passed test cases. Thus, improvements can be made in the following direc-
tions, such as classifying test cases into the new ones and the old ones and assigning
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different reward values to them [30]; or utilize additional requirement-based infor-
mation to supplement the lack of historical execution information [31].

2 The Improved Method with Additional Rewards for New Test
Cases

2.1  The Structure of Reinforcement Learning for Test Case Prioritization

The test case prioritization model based on reinforcement learning is shown in Fig. 2.
The Environment of reinforcement learning is the continuous integration cycle, and the
Agent of reinforcement learning is the sorting strategy. The State corresponds to
metadata of test cases, such as execution time, execution history, etc.; the Action cor-
responds to assigning priority to test cases; the Reward corresponds to the feedback on
test results. Therefore, the learning process of a certain integration cycle is as follows:
the integration cycle first hands over the data of test cases to the Agent, and the Agent
assigns priority to these test cases based on the information of these cases and the
"knowledge" previously learned from the Environment. The test cases are sorted based
on priority and submitted to the Environment for testing. Then, the Environment re-
wards some test cases and feeds back to the Agent according to the test results. Among
them, which test cases are rewarded and how much reward they should obtain are the
concerns of reward mechanism. The reward mechanism here mainly includes the de-
sign of reward functions and the selection of reward objects.

—> Agent —
Metadata of Test Cases | Assign Priority to Test Cases
State Reward Action

\‘J Evaluate the Test Results,

Reward Test Cases and
Feed Back to the Agent

— Environment &~

Fig. 2. the Test Case Prioritization Model based on Reinforcement Learning

When rewarding test cases, most existing reward mechanisms consider the historical
execution information of test cases, but for newly emerging test cases in a cycle, their
historical information is empty and cannot be rewarded. However, in the continuous
integration process, the new test cases in each cycle correspond to the changed code.
The regression testing process not only needs to ensure the normal operation of the
original functions, but also needs to detect whether there are faults in the new functions
[32]. Therefore, it is necessary to give additional rewards to these new test cases. In
previous studies, the two reward functions that performed well are TF reward and
APHEF reward. Therefore, this article proposes two reward mechanisms based on these
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two reward mechanisms: TF_NA (TF Reward plus New Test Case Additional Reward),
and APHF NA (APHF plus New Test Case Additional Reward).

2.2 TF Reward plus New Test Case Additional Reward

The test case sets in continuous integration are defined as follows: the test case set
submitted in the i-th integration cycle is 7S/ ; the failure cases in this set form a
subset TS/”“*"; the test sequence for the i-th integration cycle is 7S,, which is ob-
tained by sorting and selecting from 7.5/ ; the failure cases in this test sequence form
a subset 7S/ ; the set of test cases newly appearing in the i-th integration cycle is
s".

The TF reward only applies to the failed test cases in the test sequence with a reward
value of 1, which does not take into account the importance of new test cases, but new
test cases need to be given reward values to reflect their testing priority. Therefore, we

combine the TF reward and additional reward for new test cases, proposing the TF_ NA
reward. The definition of this reward mechanism is as follows:

2, teTS/" AteTS™"
I, teTS/" AteTS!
TF _NA ) i i
reward” (1) = 1, 1eTS™ nteTS™ .
0, others

According to the formulation, test cases will receive rewards with a value of 1 based
on whether they are failure cases in the test sequence or new cases, respectively. Here
the additional reward value for new test cases is set to 1, which means that failed test
cases and new test cases have equal priority, because these two kinds of test cases cor-
respond to the error prone points of original codes and the changed parts in the program,
respectively. Both of them are very important and need to be prioritized during testing.

2.3  APHF plus New Test Case Additional Reward

APHEF is a highly effective reward function proposed after TF, and many studies based
on this framework use this reward function as a benchmark for comparison [25-29].
Combining this reward with the new test case additional reward, a new reward mecha-
nism APHF NA is proposed. The definition of this reward mechanism is as follows:

APHF, (1), teTS"™ Am#0
reward"" V' (t)={ NAPFD, ~ teTS/" 2)
0, others
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In the calculation formula of APHF [24], n represents the number of historical exe-
cutions of the test case, m represents the number of historical failures of the test case,
and R, represents the reverse order of the j-th failure of the test case in the execution
history. According to this formula, only test cases that have failed in history can calcu-
late the APHF value. Therefore, there is no overlap between test cases that receive
APHF rewards and those that receive new test case additional rewards. The APHF re-
ward in the APHF NA reward mechanism is a total reward, which rewards all test cases
that can calculate APHF rewards. NAPFD [33] is one of the evaluation indicators for
test cases prioritization, whose formula and definition will be given in section 3.2. Re-
inforcement learning evaluate the sorting outcome after executing the test sequence,
and NAPFD is a numerical expression of the evaluation, which makes it natural to set
NAPFD as the additional reward value for new test cases. Of course, other evaluation
values or constants can also be chosen as additional rewards for new test cases here,
but using NAPFD is the most intuitive and effective. In addition, since the range of
APHF is between 0 and 1, and the range of NAPFD is also between 0 and 1, reinforce-

ment learning does not have to worry about normalization during training.

3 Experimental Analysis

3.1 Datasets

This paper uses three industrial datasets: ABB Paint Control, ABB IOF/ROL, and
GSDTSR. The first two datasets are from ABB Robotics Norway, and GSDTSR is the
test suite data shared by Google. Spieker et al. [23] and He et al. [24] used these three
datasets for experiments, and other studies on continuous integration test optimization
also used the above datasets. In order to facilitate the comparison of experimental re-
sults, this article also uses these three datasets, and the basic information of the datasets
is shown in Table 1. It can be seen that the number of integration cycles of all three
datasets have exceeded 300, but the GSDTSR in terms of test execution results is much
larger than the first two datasets. In addition, the failure rate of the first two datasets is
relatively high, which means that once the test case is executed, there is a high proba-
bility of failure; The ABB Paint Control and GSDTSR datasets have a higher testing
frequency, indicating a higher probability of test cases being executed.
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Table 1. Information of Datasets

Datasets Test Cases  CI Cycles Results Failure Rate Frequency
Paint Control 114 352 25594 19.36% 0.82
IOF/ROL 2086 320 32260 28.43% 0.05
GSDTSR 5555 336 1260617 0.25% 0.68

3.2 Evaluation Metrics

The evaluation metric used in this article is mainly NAPFD [33] (Normalized Average
Percentage of Faults Detected), which is the standardized average defect detection per-
centage. This is improved from APFD [34] (Average Percentage of Faults Detected).
This indicator is concerned about the number and ranking of failed test cases in the test
sequence. The more failed test cases are found and the higher the position, the closer
the value of this indicator is to 1, and the better the sorting effect of the test sequence.
The calculation formula for this indicator is as follows:
J )

In the calculation formula of NAPFD, rank(t) is the position of the failed test case
in the test sequence, and the meanings of other elements have been discussed before.
Due to the inability to test all test cases in continuous integration testing, NAPFD has
standardized APFD. If the test sequence can detect all defects in the test case set, then
p=1,and NAPFD is equal to APFD.

In addition, this article also considers two auxiliary indicators: (1) TTF, which rep-
resents the position of the first failed test case in the test sequence. The smaller the
indicator, the earlier the defect is discovered in the test sequence, allowing developers
to receive feedback earlier and make adjustments to the program. (2) recall, also known
as recall rate, is the proportion of defects found in the test sequence to defects in the
test case set. The higher the value, the more complete the defects found in the test se-
quence.

re1s /!

NAPFD, = p —

Z rank (t) [ ‘TS.M
it i

hp=—"-"_
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3.3  Experimental Setup

To verify the effectiveness of additional rewards for new test cases in improving the
effect of test case prioritization in continuous integration environment, we conduct ex-
periments on three datasets with four reward mechanisms: APHF, APHF NA, TF,
TF NA, and propose the following three research questions:

RQI: Can additional rewards for new test cases improve the effectiveness of test
case prioritization?

RQ2: Is there a significant difference in the improvements of sorting effect when TF
and APHF combine with additional rewards for new test cases respectively?

RQ3: Will adding additional rewards for new test cases bring too much time burden
to the reinforcement-learning-based test case prioritization framework?
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Among them, RQ1 is concerned about the actual effect of additional rewards for new
test cases, which is the key research issue of this article. By comparing NAPFD, TTF,
recall of APHF NA and APHF, TF and TF NA, it is clear to illustrate whether the
reward mechanism with additional rewards for new test cases can improve the sorting
effect in continuous integration testing. RQ2 is concerned about the difference in the
effect improvement generated by the combination of additional rewards for new test
cases and different reward functions. Although APHF and TF are combined with addi-
tional rewards for new test cases, APHF NA and TF_NA have different additional re-
ward value, and the reward objects are not entirely the same, which may lead to differ-
ences in the final results. RQ3 is concerned about whether adding additional rewards
for new test cases will cause additional time burden, because continuous integration
testing requires a lightweight test optimization model. If the new reward mechanism
brings too much time consumption, the model will not be applicable to the continuous
integration environment. This research question is to confirm the feasibility of the new
reward mechanism.

During the experiment, due to the inability to obtain the available testing time for
each integration cycle in advance, we used 50% of the total testing time for all test cases
in that cycle as the available testing time [23]. After sorting the test cases, execute them
in order until the available testing time is exhausted. In addition, for some cycles where
there is no failed test case, it is meaningless to consider the sorting effect. If it is also
included in the calculation of evaluation indicators, the value of them will appear to be
artificially high. Therefore, the data for the subsequent experimental results in this ar-
ticle is based on the data of the cycles in which failed test cases occurred. To reduce the
interference of randomness during the experimental process, this article conducted 30
repeated experiments, and the subsequent result data was the average of 30 repeated
experiments.

3.4  Results and Analysis

Fig. 3 shows the NAPFD values of four reward mechanisms on three datasets, with the
abscissa representing the continuous integration cycle, the black line representing the
trend fitting of NAPFD values, and (a) representing APHF reward, (b) representing
APHF NA reward, (c) represents TF reward, (d) represents TF_NA rewards. Table 2
shows the average NAPFD values for all failure cycles on three datasets with different
reward mechanisms, and the bold data represents the better result between the original
reward and those adding additional rewards for new test cases.

Analysis of RQ1.According to Fig. 3 and Table 2, adding additional rewards for new
test cases can effectively improve the NAPFD value of test case prioritization. Both
APHF NA and TF_NA has a positive slope of their trend fitting lines, indicating that
reward mechanism with additional rewards for new test cases can continuously opti-
mize the sorting model and improve the sorting effect under the guidance of feedback
from reinforcement learning. In order to further compare the sorting effects of the re-
ward mechanisms with and without additional rewards for new test cases, we need to
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analyze their TTF and recall values. Table 3 shows the average TTF values of all failure
cycles using different reward mechanisms on the datasets, and Table 4 shows the aver-
age recall values of all failure cycles using different reward mechanisms on the datasets.
The bold data represents the better value between the original reward and those adding

additional rewards for new test cases.
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Fig. 3. NAPFD on three datasets: (a) APHF, (b) APHF NA, (c) TF, (d) TF_NA

Table 2. Average NAPFD on three Datasets with four Reward Mechanisms

Reward Mechanisms APHF APHF NA TF TF NA
ABB Paint Control 0.6017 0.6330 0.6624 0.6535
ABB IOF/ROL 0.3203 0.3305 0.2118 0.3079
GSDTSR 0.6176 0.6792 0.1372 0.6859

Table 3. Average TTF on three Datasets with four Reward Mechanisms

Reward Mechanisms APHF APHF NA TF TF NA
ABB Paint Control 3.79 3.93 3.88 4.00
ABB IOF/ROL 2.56 2.05 5.48 1.68

GSDTSR 77.94 8.63 520.55 46.19
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Table 4. Average Recall on three Datasets with four Reward Mechanisms

Reward Mechanisms APHF APHF NA TF TF NA
ABB Paint Control 0.6893 0.7250 0.7646 0.7550
ABB IOF/ROL 0.4062 0.4191 0.2852 0.3861
GSDTSR 0.6590 0.7263 0.1838 0.7323

In terms of NAPFD, it can be seen that the average NAPFD values of APHF NA on
all three datasets are slightly higher than APHF. While NAPFD of TF_NA is somewhat
lower than that of TF on the ABB Paint Control dataset, there is a significant difference
between them on the remaining two datasets, and even on the GSDTSR dataset, the
average NAPFD of TF _NA is 0.5487 higher than TF. This shows that in the sorting
model based on reinforcement learning, using reward mechanisms that assign addi-
tional rewards to new test cases can indeed improve the sorting effect. In terms of TTF
values, except for the ABB Paint Control dataset where the original reward can obtain
smaller TTF values, the remaining two datasets both witness that mechanisms with ad-
ditional rewards for new test cases obtain smaller TTF values, especially on the
GSDTSR dataset where the location of the first failed case discovered by APHF NA is
69.31 ahead of APHF, and that discovered by TF_NA was 474.36 earlier than TF, in-
dicating that adding additional rewards for new test cases increased the priority of new
test cases and enabled earlier defect detection. In terms of recall, TF can be slightly
larger than TF_NA on the ABB Paint Control dataset, while in other scenarios, the
reward mechanisms adding additional rewards for new test cases are used to obtain
higher recall values. The distribution characteristics of this metric are similar to that of
NAPFD, indicating that the additional rewards for new test cases cause the model to
discover more failed test cases in each cycle. This is due to the priority given to new
test cases, which causes the failed new test cases to be executed preferentially.

From a perspective of datasets, it is shown that adding additional rewards for new
test cases is not significantly improved the sorting effect on the ABB Paint Control
dataset, and the average NAPFD values of each reward mechanism are between 0.6 and
0.7. This may be due to the small number of test cases and high testing frequency in
this dataset. On the one hand, this leads to fewer new test cases and less additional
rewards can be obtained. On the other hand, due to the high frequency of testing, the
probability of test cases being selected into the testing sequence is high, and the addi-
tional rewards for new test cases become insignificant. On the ABB IOF/ROL dataset,
the performance of various reward mechanisms is not ideal, and even the best perform-
ing reward APHF NA has the average NAPFD value of only 0.3305 and the recall
value of only 0.4191, which means that only 40% of defects are found on average dur-
ing the integration cycle. The reason for this may be that the reward strategies used in
the text, such as TF, APHF, and additional rewards for new test cases, do not grasp the
characteristics of the dataset well, resulting in the model not assigning high priority
values to those truly important test cases. More suitable reward mechanisms for this
dataset can be analyzed in future research. On the GSDTSR dataset, the performance
of additional rewards for new test cases is particularly outstanding, especially TF_NA
significantly improves sorting performance compared to TF. The dataset has a low fail-
ure rate, therefore, the TF and APHF reward values that test cases can obtain are
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relatively low. At this point, the additional reward for new test cases becomes the main
rewards for test cases, indicating that the reward mechanism with additional rewards
for new test cases can better adapt to this integration testing environment.

Analysis of RQ2. In the analysis to RQ1, it can already be observed that TF_NA has
achieved more improvement to TF than that of APHF NA to APHF. Especially on the
ABB IOF/ROL and GSDTSR datasets, the NAPFD values of TF_NA are 0.0961 and
0.5487 higher than TF respectively, while the NAPFD values of APHF NA are 0.0102
and 0.0616 higher than APHF respectively. The reasons for the differences are analyzed
as follows: firstly, the TF reward function itself may not be suitable for these two da-
tasets, as the performance of the TF reward on the ABB Paint Control dataset is not
significantly different from other reward functions. Secondly, the additional rewards
for new test cases are combined with TF and APHF in different ways, in TF_NA there
are some test cases that can receive both TF rewards and additional rewards for new
test cases; but in APHF _NA, there is no overlap between test cases that receive APHF
rewards and additional rewards for new test cases. Test cases either receive only one of
these two rewards or do not receive any rewards. Thirdly, the reward values assigned
to test cases are different, TF_NA assigns the same priority to failure test cases and new
cases, believing that they are equally important; while in APHF NA, test cases that has
failed receive the priority value of their APHF value, and new test cases receive the
priority value of the NAPFD value of sorting result. These two values are not equal,
and the reward values for test cases that receive APHF rewards is also different, which
is related to the execution history of the test cases. However, the reward values for test
cases that receive new test case additional reward is exactly the same. The above anal-
ysis explains the reason why the additional rewards for new test cases differ in improv-
ing sorting effects when different reward functions are combined, and also inspires us
to further study the setting and combination methods of reward values for new test cases
in the future.

Analysis of RQ3. Table 5 shows the average calculation time per cycle, in seconds,
with different reward mechanisms on the datasets. It can be seen that in each cycle of
continuous integration, the time used to calculate the priority of test cases, sort them,
evaluate and feedback the results is actually very short, which makes most of the test
time available for the execution of test cases, rather than for priority analysis. It is very
friendly to the continuous integration environment. The reward mechanisms that add
additional rewards for new test cases has a slightly higher computational time than the
original mechanisms, which is the time they take to assign additional rewards to new
test cases, but it is completely within an acceptable time growth range. Even in the
GSDTSR dataset with the most test cases, the maximum time growth is only 0.0581
seconds. As a result, the additional rewards for new test cases not only improve the
sorting performance of the reinforcement learning framework, but also do not bring too
much time burden.
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Table 5. Average Calculation Time per Cycle (s)

Reward Mechanisms APHF APHF NA TF TF NA
ABB Paint Control 0.0110 0.0110 0.0119 0.0133
ABB IOF/ROL 0.0127 0.0126 0.0161 0.0194
GSDTSR 0.6506 0.6710 1.4889 1.5470

4 Conclusion

Based on the reinforcement learning framework for continuous integration test case
prioritization, this paper improves the reward mechanism of reinforcement learning,
and proposes two reward mechanism TF_NA and APHF NA that gives additional re-
wards to new test cases, and conducted experiments on industrial datasets. The experi-
ments show that: (1) Additional rewards for new test cases can effectively improve the
optimization effect of continuous integration test case set, which makes the sorting re-
sults have a certain degree of improvement in defect detection rate, recall rate of failed
test cases, and efficiency of test feedback; (2) The additional rewards for new test cases
have different effects when combined with different reward functions, specifically
manifested in that TF NA can significantly improve the sorting performance of TF,
while APHF NA’s improvement to APHF is relatively small; (3) Additional rewards
for new test cases will not result in excessive time consumption, and the model using
TF NA or APHF NA reward mechanism is still a lightweight reinforcement learning
model.

The method proposed in this paper conforms to the idea of regression testing and the
characteristics of continuous integration testing. The experimental results are clear,
which can demonstrate the importance of giving high priority to new test cases in re-
gression testing. However, there is still room for improvement in this method, such as
considering more kinds of reward functions and combination methods when combining
with additional rewards for new test cases. As for the additional reward value, although
different attempts have been made in experiments, it is still not systematic enough and
can be analyzed and studied more comprehensively.
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