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ABSTRACT
Testing is an important and challenging part of software devel-
opment and its effectiveness depends on the quality of test cases.
However, there exists no means of measuring quality of tests de-
veloped for GPU programs and as a result, no test case generation
techniques for GPU programs aiming at high test effectiveness.
Existing criteria for sequential and multithreaded CPU programs
cannot be directly applied to GPU programs as GPU follows a
completely different memory and execution model.

We surveyed existing work on GPU program verification and
bug fixes of open source GPU programs. Based on our findings,
we define barrier, branch and loop coverage criteria and propose
a set of mutation operators to measure fault finding capabilities
of test cases. CLTestCheck, a framework for measuring quality of
tests developed for GPU programs by code coverage analysis, fault
seeding and work-group schedule amplification has been developed
and evaluated using industry standard benchmarks. Experiments
show that the framework is able to automatically measure test
effectiveness and reveal unusual behaviours. Our planned work
includes data flow coverage adopted for GPU programs to probe
the underlying cause of unusual kernel behaviours and a more
comprehensive work-group scheduler. We also plan to design and
develop an automatic test case generator aiming at generating high
quality test suites for GPU programs.
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1 INTRODUCTION
1.1 Research Motivation
Graphics Processing Units (GPUs) have beenwidely used for general-
purpose computations in a large variety of application domains [19]
due to massive parallelism, energy efficiency and ease of program-
ming using C-like programming models including CUDA [1] and
OpenCL [9]. However, writing correct GPU programs (also inter-
changeably referred to as GPU kernels in the field of GPU pro-
gramming) is challenging due to many reasons [11]– a program
may spawn thousands to millions of threads which are clustered
in work-groups, making the execution difficult to analyse; there
is a greater risk of inter work-group data races due to the lack of
a mechanism to synchronise threads from different work-groups;
control flow divergence causes intra work-group synchronisation
bugs as the behaviour of synchronisation functions called in differ-
ent code blocks is undefined [3]; there is no explicit GPU thread and
work-group scheduling scheme provided by either GPU vendors or
programming standards for us to predict thread interleavings [21].

Existing techniques focus on static and dynamic code analysis to
verify GPU programs. Some of them [7, 12, 13, 24, 25] suffer from
the scalability issue due to the exponential growth of the number
of thread interleavings. The 2-thread execution model proposed by
GPUVerify is more feasible but may report false positives [3]. In
addition, test suites usually reflect the specification of programs to
ensure the intended program behaviour [23] but there is no existing
work considering program execution with test suites.

Given these difficulties of writing correct GPU programs and
the lack of test quality measurement, it becomes important to un-
derstand the extent to which a GPU program has been analysed
and tested, and the code portions that may need further attention.
Coverage metrics can help in monitoring the quality of testing,
in creating tests for areas that have not been tested before, and
with forming small yet comprehensive test suites [4]. The most
commonly used coverage metrics are based on the structure of the
program, such as statement coverage, branch coverage, or data-flow
based coverage [23]. Empirical studies show that there is a strong
correlation between test suites with high coverage and the defect-
detection ability of these test suites [5, 15]. Some of these coverage
criteria have been successfully implemented in tools that are used
in industry. Many of the coverage metrics that exist over program
code focus on sequential programs. Nevertheless, coverage criteria
specifically targeting concurrent programs, like synchronisation
coverage, also exist [10]. Such criteria help detect concurrency bugs
that cannot be found with sequential program coverage metrics.

1.2 Goal
Our aim is to define coverage metrics in line with the characteris-
tics of GPU architectures and provide a framework for measuring
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test effectiveness and generating high quality tests. Our proposed
contributions include:

(1) Coverage metrics definitions. Definitions of barrier, con-
trol flow and data flow coverage metrics specifically for GPU
programs considering their memory and execution models.

(2) Test effectiveness measurement. A framework for mea-
suring effectiveness of test suites in two aspects: code cover-
age analysis based on the proposed criteria, and fault finding
capability measurement by seeding faults to GPU programs
and reporting the number of faults uncovered by the test
suite.

(3) Kernel execution engine with schedule amplification.
A scheduler to amplify work-group schedules and check for
unusual kernel behaviours including data races and dead-
locks arisen during the execution of test inputs.

(4) Automated test case generation. Implementation of a test
case generator aiming at high test quality and effectiveness.

1.3 Completed Work
Wemaintain a repository of bug fixes of open source GPU programs
and existing research on GPU program verification and it acts as
a guide for our work. We define barrier and control flow (branch
and loop) coverage metrics for GPU programs and propose a set of
mutation operators inspired by the bug repository. A framework,
CLTestCheck, is developed for measuring code coverage achieved
by test suites based on our coverage metrics, seeding faults to GPU
programs and amplifying work-group schedules. Empirical evalu-
ation using 82 publicly available industry level GPU kernels with
associated test input workloads shows that the framework is able
to detect data races as well as barrier divergence and report kernel
code that requires further tests using the coverage measurement
capabilities. Deadlocks are also exposed by the scheduler.

2 CLTESTCHECK: TEST EFFECTIVENESS
MEASUREMENT FOR GPU KERNELS

In this section, we present our design, implementation and empir-
ical evaluation of CLTestCheck, a framework for measuring test
effectiveness for GPU kernels. Some of the work has been completed
and published [16].

2.1 CLTestCheck Overview
CLTestCheck measures test effectiveness over GPU kernels written
using the OpenCL programming model [9]. Adapting the frame-
work to CUDA is not complicated as they share a similar abstraction
of GPU architectures and will only involve handling syntactic dif-
ferences between these two GPU programming models [1]. The
framework has three main components as illustrated in Figure 1.

2.1.1 CLCov: Coverage measurement. The first component, CLCov,
is for measuring code coverage achieved by test suites. The con-
structs we chose to cover were motivated by OpenCL bugs found
in GitHub repositories and research papers on GPU testing. We
define coverage metrics over synchronisation statements (barriers),
loop boundaries and branches in OpenCL kernels. Barrier coverage
checks if each barrier is hit by all threads from the same work-
group, otherwise, barrier divergence occurs and its behaviour is

undefined, which may lead to potential data races and deadlocks [3].
For control flows, we consider a branch or a loop is covered if any
of the threads execute it.

Implementation. Building on the Clang/LLVM compiler infras-
tructure [2], CLCov takes the original OpenCL program as input
and adds extra statements and data structures to existing barriers
and control flows to record the execution. After the execution of the
kernel with a test input, the data structures containing execution
information is processed to report code coverage.

2.1.2 CLMT: Fault seeding. The second component provides the
capability of creating mutations by seeding different types of faults
relevant to GPU kernels. CLMT assess the effectiveness of test suites
in uncovering the seeded faults.

Implementation. Based on Clang/LLVM as well, the fault seeder
generates mutants from the original program and executes them
with the test input to compute mutation score, as the fraction of
mutants killed.We consider amutant is killed if the output produced
is different from the original output, or the execution of the mutant
crashes.

2.1.3 CLSchedule: Schedule Amplification. The purpose of CLSched-
ule is conducting schedule amplification to check the execution of
test inputs over several work-group schedules. Existing GPU archi-
tectures and simulators do not provide a means to control work-
group schedules. The OpenCL specification provides no execution
model for inter work-group interactions [21]. As a result, the order-
ing of work-groups when a kernel is launched is non-deterministic
and there is, presently, no means for checking the effect of sched-
ules on test execution. We provide this monitoring capability. For a
test caseTi in test suiteTS , instead of simply executing it once with
an arbitrary schedule of work-groups, we execute it many times
with a different work-group schedule in each execution. We build
a simulator that can force work-groups in a kernel execution to
execute in a certain order. This is done in an attempt to reveal test
executions that produce different outputs for different work-group
schedules which inevitably point to problems in inter work-group
interactions.

Implementation. To achieve thread scheduling, CLSchedule adds
extra code blocks to the original OpenCL program to control the
schedule.CLSchedule first randomly selects a work-group to be
executed first. When the kernel starts, the inserted code blocks
allow threads from that work-group to proceed with executing the
original kernel code while other threads fall into a loop and remain
in waiting. After the selected group finishes execution, threads in
all other work-groups quit the loop and are enabled to execute the
kernel then. For each test input, CLSchedule is able to check its
execution over several different work-group orders when assessing
quality.

2.2 Evaluation
In our experiment, we evaluate the feasibility and effectiveness of
the framework using 82 OpenCL kernels from 46 industry standard
benchmarks and their associated test suites. We execute each kernel
with the test suites 20 times for each measurement on the Intel CPU
(i5-6500) and GPU (HD Graphics 530) using OpenCL SDK 2.0.
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Figure 1: CLTestCheck

Subject Programs. We used the following benchmarks for our
experiments, 1. Nine scientific benchmarks with 23 OpenCL ker-
nels from Parboil benchmark suite [22], 2. scan benchmark [20],
with 3 kernels, that computes parallel prefix sum, 3. Five applica-
tions containing 13 kernels from Rodinia benchmark [6] suite for
heterogeneous computing, 4. 20 benchmarks from PolyBench [17]
with 43 kernels spanning linear algebra, data mining and stencil
computations.

Research Questions. The following research questions are insti-
gated:
Q1. Coverage Achieved: What is the branch, barrier and loop cov-

erage achieved by test suites over OpenCL kernels in our subject
benchmarks?

Q2. Fault Finding: What is the mutation score of test suites associ-
ated with the subject programs?

Q3. Deadlocks and Data Races: Can the tests in the test suite give
rise to unusual behaviour in the form of deadlocks or data
races?

2.3 Experimental Results
Answering Q1: Coverage Achieved. CLTestCheck is able to au-
tomatically measure barrier, branch and loop boundary coverage
for kernels in all benchmarks. Uncovered branches in the bench-
marks typically have the condition of thread ID or data out of range
and point to exception handling branches that were not exercised
by the tests.

Barrier coverage for all but one of the kernels in the benchmarks
is 100%. For synchronisations to work correctly, we should expect
100% barrier coverage. For the subject program that results in 87%
barrier coverage, we uncovered a barrier divergence bug.
Answering Q2: Fault Finding. CLTestCheck is able to automati-
cally generate different types of mutants for OpenCL kernels. Fault
finding and total coverage are strongly correlated for these bench-
marks by achieving 70.3% Pearson’s correlation coefficient.

In addition to killed mutants, we also report results on “Unde-
cided Mutants”, that refers to mutants that are killed in at least one
of the executions of the test suite, but not all 20 repeated execu-
tions. Changes in GPU thread scheduling between runs causes this
uncertainty. A large number of undecided mutants is alarming and
developers should examine kernel code more closely to ensure that
the behaviour observed is as intended.

Answering Q3: Deadlocks and Data Races. We observe dead-
locks when applying the schedule amplifier to OpenCL kernels
when the work-group ID selected to go first exceeds the number of
available compute units of the GPU. It appears that the the GPU
makes unstated assumptions that work-groups with lowest IDs
are first allocated to compute units. However, they are asked by
the scheduler to wait, while in the meantime the work-group se-
lected by the scheduler is not assigned compute resources, which
consequently causes the deadlock.

The schedule amplifier was able to reveal data races in two
subject programs in successful schedules. These kernels produce
inconsistent outputs with different schedules.

3 FUTUREWORK
In order to reveal the underlying reason of inconsistent kernel
outputs, we plan to adapt data flow coverage to GPU models and
improve the scheduler to have more control over the kernel ex-
ecution. In addition, a high quality test case generator for GPU
programs is also planed in our future work.

3.1 Efficient Kernel Execution Engine
3.1.1 Motivation. The evaluation of our framework uses test suites
associated with subject programs and data races are reported if the
test output is different from the expected output provided by the
test suite. However, the presence of deadlocks as well as barrier
divergence does not need to check the kernel output and data race
can be proved if the output of one run is different from another.
This means that detecting unusual kernel behaviours does not
necessarily need test suites provided by humans.

3.1.2 Expected Contribution. We plan to implement an efficient
execution engine for testing GPU kernels by fuzzing both test in-
puts and work-group schedules. Given a GPU kernel, the engine
first generates a number of random test inputs and different work-
group schedules. It then executes the program with these inputs
and schedules. Barrier divergence can be detected by the barrier
coverage metrics and data races can be reported if the output is
inconsistent.

As the engine eliminates the need for test suites, it can also help
evaluate other work by enlarging the scope of subject programs
that can be collected from open source projects by a web crawler.
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3.2 Improved Scheduler
3.2.1 Motivation. Although some unusual behaviours can be de-
tected by the current scheduler, it suffers from the limitation that
it can only select one work-group to be executed first while it has
no control over the remaining work-groups. In addition, the ID of
the selected work-group cannot exceed the number of available
compute units.

3.2.2 Expected Contribution. We plan to improve the scheduler in
two ways. (1) Based on the current scheduler, we can modify the
code block inserted by the scheduler to accept more work-groups
to be executed first. (2) We also plan to shuffle work-group schedule
by mapping work-group IDs. In practice, inputs of GPU programs
are stored in contiguous arrays. Threads determine which set of
elements of the array to process by querying their thread and work-
group IDs. Based on this fact, we can rewrite the query interface
to disrupt the order. For example, if 4 work-groups are launched
in a GPU with two compute units, the scheduler may generate a
random array {3, 0, 1, 2}. Work-groups 0 - 3 will be instead allocated
with IDs 3, 0, 1, 2 respectively. Consequently, compute units will
process data which should be processed by work-groups 3 and 0
and this can be considered as work-groups 3 and 0 are launched
first. The combination of these two proposed approaches is more
comprehensive than our existing scheduler and will allow more
control over the schedules.

3.3 Data Flow Coverage
3.3.1 Motivation. As discussed in Section 2, some kernels cannot
produce consistent output with different schedules. To reveal the
underlying cause of this problem, we need to monitor the internal
state of variables during the execution. A promising technique to
solve this problem is tracking and analysing data flow.

3.3.2 Expected Contribution. We plan to define data flow coverage
for GPU programs based on traditional definition-usage metrics for
CPU programs. The challenge is to define definition-usage pairs
for shared variables which do not exist in sequential programs. In
addition, the order of accesses to shared variables is affected by
thread scheduling. To solve this problem, the data flow analysis
should be combined with the scheduler to fix work-group schedules.

3.4 High Quality Test Case Generator
3.4.1 Motivation. Existing techniques for generating test cases for
GPU programs discussed in Section 4 rely on symbolic execution
and target data race checks. When they measure code coverage
achieved by the generated tests, they convert the GPU program
to its sequential version and apply coverage tools for sequential
programs, which disregards the GPU programmingmodel andmem-
ory hierarchy. This motivates us to improve the test case fuzzer to
achieve high coverage according to the criteria we defined reflecting
characteristics of GPUs.

3.4.2 Expected Contribution. To make our random test case gener-
ator developed for the execution engine smarter, search-based test
case generation [14] for GPU programs is planned. This technique
requires the maintenance of a problem-specific fitness function to
optimise the search for good solutions in a reasonable time frame.

In our case, the contribution would be the definition of the fitness
function taking control flow and data flow coverage into considera-
tion.

4 RELATEDWORK
GPUKernel Verification. Static analysismethods including PUG [12]

and GPUVerify [3] are thwarted by the complexity of the sharing
patterns. PUG is infeasible for a larger number of threads due to the
exponential growth of the number of thread interleavings. GPU-
Verify aims at data races and barrier divergence by 2-threaded
execution but may report false positives and has limited support
for atomic operations. GKLEE [13] and KLEE-CL [7] check for data
races for GPU programs by exploiting dynamic symbolic execution.
The verification requires the user to specify the number of threads
for the dynamic execution and both tools do not support custom
synchronisation constructs. GRace [24] and GMRace [25] combine
both static and dynamic execution but both of them do not support
inter work-group data race detection. Test amplification was also
applied to the verification of GPU programs by amplifying test
inputs [11]. The main drawback is that they can only check the
absence of data races rather than the presence.

Test Effectiveness Measurement. Measuring effectiveness of tests
in terms of code coverage and fault finding is common for CPU
programs [8, 18]. Support for GPU programs is scarce. To the best
of our knowledge, there exists only one tool, GKLEE that measures
code coverage for GPU kernels by converting them to sequential
C programs. However, this method does not take features of GPU
execution model into consideration.

5 CONCLUSION
The wide use of GPUs in the large variety of general computation
domains emphasises the importance of the correctness of GPU
programs. Existing work has made contributions to GPU kernel
verification based on static and dynamic code analysis but they do
not consider test quality measurement and program execution with
test suites.

We have presented definitions of coverage metrics for GPU pro-
grams and the CLTestCheck framework for code coverage and
fault finding capability measurement based on code instrumenta-
tion, and inter work-group data race detection by amplifying the
execution across different work-group schedules. Our empirical
evaluation using 82 OpenCL kernels shows that the framework
can help developers review code blocks that require further testing
and inter work-group synchronisation problems. In the future, we
plan to add further data flow coverage metrics, develop an efficient
kernel execution engine with the improved work-group scheduler
to strengthen test adequacy measurement and an automated high
quality test case generator specialised for GPU programs.
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