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With the wide adoption of GPUs, CUDA programming has become essential for leveraging GPU parallelism.
However, its complex programmingmodel poses challenges in performance optimization. Consequently, CUDA
programs often suffer from performance problems. In that sense, it is crucial to understand the performance
problems specific to CUDA programming. Unfortunately, no systematic study has been conducted in literature.

To bridge this gap, we conduct the first systematic study to 1) characterize the symptoms and root causes of
216 performance problems collected from 55 StackOverflow posts and 122 NVIDIA forum posts, and 2) measure
the speedup of fixing performance problems, and assess the capability of existing performance analysis methods
in identifying performance problems, using a dataset of 69 reproduced performance problems. Our findings pro-
vide practical guidance for developers, and opportunities for researchers to advance performance analysis.
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1 Introduction
With the increasing demand for computational power, GPU computing has become a core technol-
ogy in modern high-performance computing due to GPUs’ parallel computing capability [12]. Specif-
ically, NVIDIA’s CUDA (Compute Unified Device Architecture) [30] is a parallel computing platform
and programming model. It allows developers to fully leverage the potential of GPUs and write
CUDA programs that can efficiently run on GPUs. With continuous advances, CUDA’s influence in
various areas, especially in deep learning and scientific computing, has become indispensable [29].
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Motivation. Performance is a key metric for evaluating the efficiency of programs in GPU com-
puting [52]. While powerful for leveraging GPU parallelism, CUDA programming presents signifi-
cant challenges in performance optimization because of its complex programming model and steep
learning curve. The intricacies of thread hierarchy, memory management, and kernel execution
demand a deep understanding of both the hardware architecture and the software tools involved.
This complexity leads to high learning cost, especially for developers accustomed to traditional CPU-
based programming model. Consequently, developers face a barrier to entry when attempting to
optimize the performance of their CUDA programs for GPUs.

Moreover, traditional performance optimization techniques are primarily designed for serial pro-
gramming on CPUs, and do not scale effectively with CUDA’s highly parallel architecture. For exam-
ple, optimizations for CPU single-thread are designed to enhance the serial execution of individual
cores [11], whereas CUDA programs leverage a massive number of threads, posing challenges in
inter-thread coordination, scheduling, and large-scale parallelism [13]. CPUs typically leverage well-
defined cache levels (i.e., L1, L2, L3) to improve data access speed [38]. In contrast, CUDA employs
a distinct memory hierarchy, requiring careful optimization of memory coalescing and access pat-
terns. CPUs use branch prediction to minimize performance losses caused by conditional jumps,
reducing pipeline stalls [22]. However, CUDA lacks advanced branch prediction mechanisms, limit-
ing the effectiveness of traditional branch optimization techniques. CPUs often utilize SIMD (Single
Instruction, Multiple Data) techniques for optimization, where a single instruction is executed on
multiple data points [17]. In contrast, CUDA adopts SIMT (Single Instruction, Multiple Threads)
model, where multiple threads execute the same instructions simultaneously while processing
different data points. Such gaps in performance optimization techniques exacerbate the challenges
developers face when trying to optimize the performance CUDA programs.
Therefore, CUDA programs could suffer from performance problems that not only affect the

efficiency of computational tasks but also lead to the underutilization of hardware resources. It
is crucial to characterize the performance problems specific to CUDA programming, which helps
lower the barrier to entry for CUDA program optimization and inspire automated performance
optimization techniques. Unfortunately, no systematic study has been conducted in literature.
Our Empirical Study. To bridge this knowledge gap, we conduct the first systematic study to

understand performance problems in CUDA programs. Specifically, we collect 216 performance
problems from 55 StackOverflow posts and 122 NVIDIA forum posts. We manually investigate these
performance problems to build a taxonomy of their symptoms (RQ1) and root causes (RQ2). More-
over, we construct a dataset of 69 performance problems by reproducing the collected performance
problems, which covers most symptoms and root causes. Using this dataset, we quantify the speedup
of fixing performance problems (RQ3), and assess the capability of existing performance analysis
methods in identifying these performance problems (RQ4).

• RQ1: What are the symptoms of performance problems?
• RQ2: What are the root causes of performance problems?
• RQ3: How much speedup can be achieved by fixing performance problems?
• RQ4: To what extent can performance analysis methods identify performance problems?

These research question analyses provide useful findings for both developers and researchers. For
example, 81.0% of the performance problems exhibit a long kernel execution time. 61.1% of the per-
formance problems are introduced by memory issues, warp issues, and API misuses. Fixing these
performance problems results in varying levels of performance improvement, achieving an average
speedup of 2.14. Existing performance analysis techniques Nsight Compute [34] and Nsight Systems
[35] have a limited capability in identifying performance problems; i.e., they are respectively only
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applicable to 53.6% and 13.0% of the performance problems. 27.5% of the performance problems are
not covered by CUDA programming guide [8].

These findings highlight the need for developers to deepen their understanding of the CUDA pro-
gramming model, prevent memory-related and warp-related performance problems, and master
the use of existing API libraries. These findings also provide researchers with research opportunities,
e.g., semantic-aware performance analysis techniques to identify API-related and algorithm-related
performance problems, intelligent API recommendation techniques to recommend efficient APIs,
and automated performance optimization techniques to fix performance problems.

Contribution. This work makes the following contributions.

• Empirical Collection of Performance Problems. We collected 216 performance problems in CUDA
programs from two sources, i.e., 55 StackOverflow posts and 122 NVIDIA forum posts.

• Taxonomy of Symptoms and Root Causes.We constructed a systematic taxonomy of the symptoms
and root causes of these performance problems.

• Dataset Construction and Evaluation.We constructed a dataset through reproducing 69 of these
performance problems, measured the speedup of fixing performance problems, and assessed the
capability of existing performance analysis methods in identifying performance problems.

2 Preliminaries on CUDA Programming Model
To simplify the development of parallel programs on GPUs, the CUDA programming model extends
C/C++, and provides a certain level of abstraction for the unique hardware architecture of GPUs.
According to the CUDA C++ programming guide [28], the core concepts of the CUDA programming
model are introduced as follows for the ease of paper presentation.

Kernel. A kernel is a special C++ function that is executed in parallel by different CUDA threads.
When a CUDA program is executed, CUDA launches multiple threads to execute the kernel. These
threads typically execute the full kernel code, but each thread processes different data. Each thread
can access specific data using its unique thread identifier, thus enabling parallel data processing.

Thread Hierarchy. Threads are organized into a hierarchy of three levels, i.e., threads, thread
blocks, and grids. Multiple threads form a thread block, and multiple thread blocks form a grid. Typi-
cally, each kernel uses a single grid, and the grid size and block size for each kernel are specifiedwhen
the kernel is launched. Thread blocks are independent, while threads within a thread block can share
data and synchronize. Each thread block typically executes on a streaming multiprocessor (SM), a
hardware unit in a CUDA device responsible for scheduling and executing threads in parallel.

CUDA follows the SIMT (Single Instruction,Multiple Threads) architecture, wheremultiple threads
execute the same instructions simultaneously while processing different data. In SIMT, threads are
grouped into warps, and each warp typically contains 32 threads that execute instructions in parallel.
During kernel execution, all threads in a thread block are divided into multiple warps, and the sched-
uling of these warps is handled by the hardware. The number of thread blocks in a CUDA program
can far exceed the number of SMs, and the scheduling of thread blocks is managed by the CUDA
runtime system. Generally, the thread hierarchy, combined with the SIMT execution, allows CUDA
to flexibly manage a large number of parallel tasks.

Memory Hierarchy. GPUs have multiple types of memory with varying access speeds, capaci-
ties, and accessibility ranges. Fig. 1 is the memory hierarchy of the CUDA programming model.
Each thread has its own registers and local memory. The register space is the smallest and fastest,
and variables defined within a thread are preferentially stored in registers. If the register space is
limited, they are stored in the larger but slower local memory. Shared memory is visible in each
thread block, where data is accessible by all threads within the thread block. Global memory is
globally visible and can be accessed by all threads. It typically has a larger capacity but a slower read
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Fig. 1. Memory Hierarchy [28]

speed. Constant memory and texture memory are also part of the global memory, but are opti-
mized for specific access patterns. Constant memory is read-only for threads on the GPU, but can
be modified on the host, making it suitable for storing constants that do not change during runtime.
Texture memory has a special caching mechanism and is suitable for image processing tasks.

Heterogeneous Programming Model. For CPU-GPU heterogeneous computing, a typical
CUDA program execution often has six steps, illustrated by an example of a CUDA program in Fig. 2.
• Host Code Execution.When a CUDA program begins execution, the regular serial code runs first on
the host (CPU), including tasks such as initialization and data loading. As illustrated at Lines
8–14 of Fig. 2, the host program sets parameters required by the kernel, and allocates memory.

• H-D Data Transfer. In a CUDA program, data is typically transferred from the host to the device
(GPU). As shown at Lines 15-21 of Fig. 2, the data transferred may include the input data to be
processed, the parameters, etc. This is done through CUDA’s data transfer API, which copies
data from host memory to device memory.

• Kernel Launch. Once the data is prepared and transferred from the host to the device, the CUDA
kernel is launched. As shown at Lines 22–26 of Fig. 2, the launch involves scheduling the kernel
code for execution on GPU and assigning tasks to each thread of the kernel.

• Kernel Execution. After the kernel is launched, the GPU executes the kernel code. As shown at
Lines 1–6 of Fig. 2, each thread performs the same operations but processes different data. The
kernel execution mainly occurs on the GPU, and it is the core computation of the CUDA program.

• D-H Data Transfer.After kernel execution, to obtain the output data, the result must be transferred
from the device memory back to the host. As illustrated at Lines 29–30 of Fig. 2, this step is also
done through CUDA’s data transfer API.

• Host Code Continues Execution. The program returns to the host to continue with other tasks, such
as processing the returned data, displaying results, or performing subsequent computations.
Thus, the total execution time of a CUDA program is the sum of the time for host code execution,

the time for H-D and D-H data transfer, the time for kernel launch, and the time for kernel execution.

3 Empirical Study Design
Our goal is to understand performance problems in CUDA programs. To achieve this goal, we design
four research questions, which are introduced in Sec. 1. Specifically, the symptom analysis in RQ1
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1 // 4. Kernel execution

2 __global__ void vectorAdd(const float *A, const float *B, float *C, int n) {

3 int idx = threadIdx.x + blockIdx.x * blockDim.x;

4 if (idx < n)

5 C[idx] = A[idx] + B[idx];

6 }

7 int main() {

8 // 1. Host code execution

9 float *h_A , *h_B , *h_C;

10 h_A = new float[N]; h_B = new float[N]; h_C = new float[N];

11 for (int i = 0; i < N; i++) {

12 h_A[i] = i * 1.0f;

13 h_B[i] = (N - i) * 1.0f;

14 }

15 // 2. H-D data transfer

16 float *d_A , *d_B , *d_C;

17 cudaMalloc ((void **)&d_A , N * sizeof(float));

18 cudaMalloc ((void **)&d_B , N * sizeof(float));

19 cudaMalloc ((void **)&d_C , N * sizeof(float));

20 cudaMemcpy(d_A , h_A , N * sizeof(float), cudaMemcpyHostToDevice);

21 cudaMemcpy(d_B , h_B , N * sizeof(float), cudaMemcpyHostToDevice);

22 // 3. Kernel launch

23 int threadsPerBlock = 256;

24 int blocksPerGrid = (N + threadsPerBlock - 1) / threadsPerBlock;

25 vectorAdd <<<blocksPerGrid , threadsPerBlock >>>(d_A , d_B , d_C , N);

26 cudaDeviceSynchronize ();

27 // 5. D-H data transfer

28 cudaMemcpy(h_C , d_C , N * sizeof(float), cudaMemcpyDeviceToHost);

29 // 6. Host code continues execution

30 std::cout << "Result: " << h_C[0] << ", " << h_C[N-1] << std::endl;

31 // free memory

32 delete [] h_A; delete [] h_B; delete [] h_C;

33 cudaFree(d_A); cudaFree(d_B); cudaFree(d_C);

34 return 0;

35 }

Fig. 2. An Example of Heterogeneous Programming Model

is designed to categorize the observable symptoms of performance problems. It can characterize the
impact of performance problems, and provide insights for detecting performance problems. The root
cause analysis in RQ2 is designed to categorize the underlying causes of performance problems. It
can offer insights for localizing performance problems. The speedup analysis in RQ3 is designed to
measure the performance improvement brought by fixing performance problems. It can demonstrate
the severity of performance problems and reflect the necessity of performance optimization. The
approach assessment inRQ4 is designed to evaluate existing approaches for identifying performance
problems. It can shed light on advanced performance problem detection and localization methods.
These RQs can also provide hints for developing high-performance CUDA programs.

3.1 Performance Problem Collection
We collected performance problems in CUDA programs from two sources, i.e., StackOverflow and
the official NVIDIA forum. These sources were selected based on three considerations, i.e., scale
(sufficient number of posts), representativeness (real-world developer questions), and relevance to
CUDA. StackOverflow, the largest developer Q&A site, features a dedicated CUDA tag, and is also
used in prior work [45, 47] whose goal is to categorize GPU programming challenges, and investigate
the usage of formal methods in GPGPU programming, which is different from ours. The NVIDIA fo-
rum specifically focuses on CUDA-related issues. In particular, their representativeness comes
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from the fact that they capture real-world CUDA performance discussions from developers with
diverse experience levels, including high-reputation contributors on StackOverflow and active
participation from NVIDIA engineers on the official forum. This helps mitigate the bias toward
only beginner-level or easily reported problems. StackOverflow posts were collected via official
API, while NVIDIA forum posts were obtained through web scraping due to the lack of API. We
carried out the following collection process on both sources.

CUDA-Related Post Selection. We first attempted to identify CUDA-related posts. To this end,
we selected the posts that had the CUDA tag, but further excluded old posts that were published
before January 1, 2020 (which ensured that our analysis focused on recent and currently widely
used CUDA version). To ease manual analysis, we removed the posts that lacked source code
in their problem descriptions. Furthermore, to concentrate on meaningful discussions, we filtered
out posts that did not have any answers. After applying these selection criteria, we obtained a total
of 1,225 posts from StackOverflow and 1,792 posts from the NVIDIA forum.

Performance Problem Post Selection. Rather than directly adopting performance-related key-
words from prior research on traditional system performance analysis [24, 39, 42, 51], we formulated
a custom set of keywords to comprehensively search performance-related posts. We first randomly
sampled 50 posts labeled with the “performance” tag from the total 3,017 posts, and manually exam-
ined them to extract performance-related keywords. We continued this iterative process of random
sampling and manual keyword extraction for five additional rounds until no new keyword was
extracted. Altogether, 300 sampled posts contributed to the final set of keywords used for searching
performance-related posts, including “performance”, “slow”, “fast”, “speed up”, “accelerate”, “latenc”,
“contention”, “optimiz”, “efficient”, “stride”, and “reduc”. Our keyword selection prioritized minimiz-
ing false negatives to avoid missing relevant posts. The resulting keyword set achieved a precision of
51.58%, and a recall of 100.00%, based on evaluation over the 300 sampled posts. Using this keyword
set, we searched the problem descriptions from the 3,017 posts obtained in the CUDA-related post
selection step, yielding 268 candidate performance problem posts from StackOverflow and 686
candidate performance problem posts from the NVIDIA forum.

Performance Problem Identification. Finally, we manually confirmed the 954 candidate per-
formance problem posts to ensure that they discussed CUDA-related performance problems. Some
posts merely contained performance-related keywords without discussing actual performance
problems, some posts reflected misunderstandings or incorrect assumptions about performance
problems, while others touched on performance but lacked valid solutions, making them unsuitable
for characterizing performance problems. Two of the authors conducted the confirmation indepen-
dently and resolved disagreements with a third author. The inter-rater agreement, measured using
Cohen’s Kappa coefficient [7], reached 0.8487. Any discrepancies were resolved through discussion.
Ultimately, we identified 55 performance problem posts from StackOverflow and 122 from the
NVIDIA forum, resulting in a final collection of 216 performance problems in CUDA programs.
Notice that some posts contain multiple performance problems (i.e., 20 posts contain 2 problems, 8
posts contain 3 problems, and 1 post contains 4 problems), and we split them for separate analysis.
Therefore, our analysis is based on each performance problem but not each post.

3.2 Symptom and Root Cause Labeling
To answer RQ1 and RQ2, two of the authors labeled each of the 216 performance problems from
two aspects, i.e., symptoms and root causes, by carefully going through all the content in the posts,
including the titles, problem descriptions, comments, answers, and reference links mentioned in
the discussion. Overall, we started with initial categories based on domain knowledge of CUDA
performance optimization, incrementally added new categories when existing ones could not cover
a case, and merged semantically similar categories after reviewing all cases to construct the final
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taxonomy. Specifically, if the post explicitly mentioned the symptom of a performance problem, the
symptom was directly determined. Otherwise, if the post only mentioned long program execution
time, we classified it as either kernel execution time or data transfer time based on the parts of the
program that were reported to have high time overhead. The root cause of a performance problem
was identified by comparing the buggy code version in the problem description and the fixed code
version in the valid answers. This process ensures that each identified root cause is grounded
in concrete evidence by linking it to an explicit code change and its corresponding performance
improvement. To further ensure the reliability of labeling, both annotators independently labeled
all cases and resolved disagreements through discussion. The Cohen’s Kappa coefficient was 0.9615
and 0.9652 for the labeling of symptom and root cause.

3.3 Dataset Construction via Reproduction
To answer RQ3 and RQ4, we built a dataset by reproducing the performance problems. Our repro-
duction was carried out on a machine equipped with a 16-core Intel i7-7820X CPU (3.60GHz), an
NVIDIA GTX 3090 GPU, 128GB RAM, and 1TB SSD. We utilized a CUDA Docker image to set up
the runtime environment, with only the NVIDIA GPU driver installed on the physical machine.
For each performance problem, we followed three steps to reproduce it.

Reproduce Buggy Code.We first extracted the original kernel exhibiting performance problems
as provided by the post. Since developers often include only the buggy code directly related to
the problem, these buggy code snippets are frequently incomplete. If the original buggy code was
complete, we used it directly. Otherwise, we supplemented the provided code snippet with additional
necessary components, guided by the problem description and provided answers, to form a complete
and runnable buggy code.

Reproduce Fixed Code. For the fixed code, we relied on the fixed kernel provided in the post
when available. If only a fix for a part of the code block was provided, we replaced the corresponding
segment in the original kernel with the fixed code block and made necessary modifications to other
parts affected by the change. As with the buggy code, if the fixed code snippet was incomplete, we
completed it based on the accompanying context.

Run and Measure Speedup. We executed both the buggy code and the fixed code to replicate
the reported symptom. Kernel launch parameters or other aspects of the code were adjusted as
needed to reproduce the described behavior, given that our hardware environment may differ from
that of the post. Then, we measured the speedup of the fixed code across four input data scales
(i.e., 220, 223, 226, and 229 bytes), averaging the speedup over 10 repeated runs. When measuring the
speedup, we used Nsight Systems [35] to accurately measure the execution time of CUDA programs.
Through four person-months of manual effort, we successfully reproduced 69 of the 216 per-

formance problems. The main reasons for reproduction failures were two-fold. First, developers
provided very short and concise code snippets in the posts, making it infeasible to complete the
buggy or fixed code. Second, some performance problems required specific hardware configurations
that were different from our reproduction environment. To facilitate future research on performance
problems of CUDA programs, our current dataset is a set of performance problems with their envi-
ronment configuration, input data, buggy version, fixed version, performance changes after fixing,
and reproduction steps. Its goal is to 1) measure speedup after fixing CUDA performance problems
and 2) assess tool effectiveness in detecting or fixing them.

4 Empirical Study Results
We present our analysis results of the four research questions.
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Fig. 3. Taxonomy of Performance Problem Symptoms

4.1 Symptom Analysis (RQ1)
As shown in Fig. 3, the taxonomy of performance problem symptoms is divided into four high-level
categories, i.e., kernel time, data transfer time, memory, and compute throughput, with eight inner
categories. One performance problem in a CUDA program may exhibit multiple symptoms.

Kernel Time. This category covers performance problems with a long kernel execution or launch
time, which accounts for 182 (84.3%) of the performance problems. In detail, 175 (81.0%) of the per-
formance problems manifest a long kernel execution time. Among them, 61 (28.2%) performance
problems indicate that specific code blocks within the kernel have a long execution time. Although
all code blocks contribute to the overall kernel execution time, the posts explicitly mention that
certain code blocks incur exceptionally high time overhead, thereby exacerbating the kernel execu-
tion time. Besides, 7 (3.2%) of the performance problems exhibit a long kernel launch time prior to
execution, which refers to the interval between the invocation of the CUDA kernel and its actual
execution, a delay that is notably prolonged.
Data Transfer Time. This category includes performance problems with a long data transfer

time, accounting for 23 (10.6%) of the performance problems. In particular, 19 (8.8%) of the perfor-
mance problems exhibit a long host-device data transfer time, i.e., time for data transfer between
CPU and GPU devices. 4 (1.9%) of the performance problems manifest a long device-device data
transfer time, i.e., time for data transfer between multiple GPU devices. Due to the inherent nature
of host-device heterogeneous computing, device memory needs to be allocated on the host prior
to kernel execution, and the data is transferred from CPU to GPU or between GPU devices. This
incurs significant time overhead in some cases.
Memory. This category includes performance problems demonstrating poor memory perfor-

mance, accounting for 19 (8.8%) of the performance problems. Specifically, 9 (4.2%) of the perfor-
mance problems manifest low memory throughput, indicating the inability to fully utilize the avail-
able memory resources on GPU devices. 8 (3.7%) of the performance problems exhibit a highmemory
usage that exceeds expectation, while 2 (0.9%) of the performance problems exhibit memory leaks.

Compute Throughput. This category consists of performance problems that exhibit low com-
pute throughput. Compute throughput refers to the rate at which a GPU executes computations,
typically measured in operations per second. A higher compute throughput reflects a better utiliza-
tion of GPU compute resources. 14 (6.5%) of the performance problems manifest a low compute
throughput, resulting in low compute resource utilization.

Summary. About 91.7% of the performance problems slow down the kernel execution and the
data transfer. Such symptoms are specific to CUDA programs, and thus deserve investigation.
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Fig. 4. Taxonomy of Performance Problem Root Causes

4.2 Root Cause Analysis (RQ2)
Fig. 4 shows the taxonomy of performance problem root causes. It is organized into seven high-
level categories, i.e., memory, warp, API, data, algorithms, CUDA toolkits, and compilation, with 21
inner categories, accounting for 213 (98.6%) of the performance problems. The remaining 3 perfor-
mance problems are caused by minor and uncommon issues, and thus are classified as Others.
Memory. This category includes performance problems caused by improper memory usage,

which accounts for 49 (22.7%) of the performance problems. Specifically, uncoalesced memory access
is the most common inner category along with other five inner categories.
• Uncoalesced Memory Accesses (29, 13.4%). Memory coalescing is a mechanism to consolidate
memory accesses from multiple threads into a single operation when they access contiguous or
adjacent memory addresses. It enhances memory bandwidth utilization and reduces memory ac-
cess latency. Conversely, when threads access non-contiguous or non-adjacent memory addresses,
memory accesses cannot be coalesced, leading to uncoalesced memory accesses. As illustrated in
Fig. 51, the parameter numStrides is set to 256, and the warp exhibits a pattern where 𝑡ℎ𝑟𝑒𝑎𝑑0
accesses d_mem[i], 𝑡ℎ𝑟𝑒𝑎𝑑1 accesses d_mem[256 + i], and so forth. Consequently, memory ac-
cesses performed in the warp remain uncoalesced, thereby reducing memory efficiency.

• Incompatible Memory Type and Access Pattern (11, 5.1%). In CUDA, various types of memory
(see Sec. 2) exhibit distinct access characteristics and performance implications. The efficiency of
CUDA programs is significantly influenced by the memory type and access pattern, and the incom-
patibility between them can cause performance degradation. For example, the inefficient place-
ment of small, frequently accessed data in local memory resulted in a performance bottleneck2.

• Redundant Memory Accesses (4, 1.9%). This refers to redundant or unnecessary memory access
operations performed by threads during execution. For example, repeated reading or writing of the
same data caused excessive memory operations3, which wastes memory resources and also leads
to unnecessary latency.

1https://forums.developer.nvidia.com/t/154716
2https://forums.developer.nvidia.com/t/208418
3https://forums.developer.nvidia.com/t/176128
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1 for (int i = 0; i < numStrides; i++) {

2 const int idx = threadIdx.x * numStrides + i;

3 float v = d_mem[idx];

4 }

Fig. 5. An Example of Uncoalesced Memory Accesses

• Small Memory Allocation Granularity (2, 0.9%). Memory allocation on GPU devices incurs
substantial time overhead, making efficient allocation strategy critical for performance optimiza-
tion. This category refers to scenarios in which memory blocks are allocated with insufficient
size, resulting in frequent memory allocation operations with significant time overhead.

• Shared Memory Bank Conflicts (2, 0.9%). In CUDA, shared memory is organized into multiple
independent memory banks, enabling parallel access to different banks. When multiple threads
access distinct addresses within different banks, no conflict arises, allowing for efficient memory
operations. However, if multiple threads attempt to access addresses within the same bank si-
multaneously, bank conflicts occur. In such cases, the hardware must serialize these memory
accesses, increasing latency and reducing both parallelism and overall memory access efficiency.

• Low Cache Hit Rates (1, 0.5%). The program’s memory access fails to effectively utilize the GPU
cache system, leading to frequent cache misses and increased memory access latency.
Warp. This category covers performance problems caused by low warp occupancy, accounting

for 42 (19.4%) of the performance problems. They exhibit a fundamental issue of failing to leverage
GPU’s high concurrency capability with five inner categories.
• Improper Kernel Launch Parameters (14, 6.5%). Suboptimal configurations of grid size and
block size directly affect warp execution efficiency. A grid size that is too small prevents full
utilization of the GPU’s SMs, leading to insufficient warp occupancy. Similarly, a block size that is
too small increases the number of parallel thread blocks but reduces the number of active warps
per SM, leading to inefficient utilization of warp schedulers and lower overall throughput. For
example, the grid size was set to 1, meaning that only one single SM was utilized, despite the
experimental setup using an NVIDIA RTX 3090 [25] with 82 SMs4; due to the insufficient number
of warps, the GPU failed to schedule other warps to perform computations while waiting for
memory accesses. As a result, the execution units remained idle during memory operations,
leading to significant performance degradation.

• Imbalanced Thread Workload (12, 5.6%). The workload distribution among threads within a
warp is uneven, which can lead to performance inefficiencies. Since CUDA groups 32 threads into a
warp, if some threads in the warp perform significantly more computations than others, the
warp must wait until the most heavily loaded thread completes execution, resulting in a lower
warp occupancy and inefficient use of computational resources. For example, the majority of
computations may be assigned to one thread, while the other threads in the same warp perform
significantly fewer tasks5. Consequently, the warp remained active but underutilized, as most
threads completed their tasks early while waiting for the most computationally intensive thread
to finish execution.

• Inefficient Loop Unrolling (7, 3.2%). Loop unrolling is an optimization technique to reduce loop
overhead by manually or automatically expanding loop iterations, thereby increasing instruction-
level parallelism and mitigating branch divergence. However, excessive loop unrolling may lead
to increased memory usage of the kernel, causing the GPU’s SM resources to become tight and
limiting the number of warps that can be executed in parallel.

4https://stackoverflow.com/questions/76745515
5https://stackoverflow.com/questions/76745515
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1 for(int stride = 1; stride < blockDim.x; stride *=2){

2 if((tid %(2* stride)) == 0){

3 data[tid] += data[tid+stride ];

4 }

5 __syncthreads ();

6 }

Fig. 6. An Example of Branch Divergence

• Branch Divergence (6, 2.8%). Threads within the same warp execute conditional statements and
select different paths. Unlike CPUs, GPU devices lack advanced branch prediction capability and
can only stall threads that are not in the active path. As a result, the hardware must execute each
path separately, with threads not on the active path remaining stalled. Fig. 6 shows an example of
branch divergence6. When 𝑠𝑡𝑟𝑖𝑑𝑒 = 1, only even-numbered threads within the same warp enter
the branch, while odd-numbered threads are stalled. When 𝑠𝑡𝑟𝑖𝑑𝑒 = 2, threads whose identifier
𝑡𝑖𝑑%4 == 0 enter the branch, while the other threads are stalled.

• Redundant Warp Synchronization (3, 1.4%). This category covers the performance problems
caused by the unnecessary synchronization of threads within a warp, particularly in cases where
data races do not occur. Notice that the original posters who provided the fixed code showed that
the warp synchronization was redundant, confirming there was no data race. Warp synchroniza-
tion enforces the execution of all threads within a warp in a predefined order to prevent issues
such as data inconsistency. However, when applied unnecessarily, redundant synchronization
introduces avoidable execution overhead, leading to performance degradation.

API. This category covers performance problems caused by improper use of library APIs with two
inner categories, accounting for 41 (19.0%) of the performance problems. NVIDIA provides highly
optimized libraries for common computational tasks, such as cuBLAS [33], an efficient linear algebra
library, and Thrust [36], which encapsulates common parallel algorithms. These libraries are care-
fully designed to leverage GPU hardware features and optimal memory access patterns. However,
developers sometimes fail to use these optimized APIs properly, which leads to suboptimal per-
formance. Specifically, 23 (10.6%) of the performance problems are categorized as Efficient APIs
Not Used, where developers manually implement computational operations instead of using the
corresponding efficient APIs. For example, matrix multiplication was implemented manually rather
than utilizing the cuBLAS library7. Besides, 18 (8.3%) of the performance problems involve In-
efficient API Usage. Even when developers are aware of available APIs, they may lack a deep
understanding of performance characteristics of these APIs. As a result, improper API invocation,
misconfigured parameters, or selecting an API unsuitable for the given workload can introduce
significant performance bottlenecks.
Data. This category covers root causes of performance problems related to data processing,

accounting for 24 (11.1%) of the performance problems. It can be classified into two inner categories.
Specifically, 12 (5.6%) of the performance problems is caused by Incompatible DataTypes. GPUs can
exhibit varying capabilities in handling different data types. For example, NVIDIA RTX 3090 has
significantly lower computational throughput for double-precision floating-point arithmetic com-
pared to single-precision operations. These performance problems use data types that the GPU
handles less efficiently. Moreover, 12 (5.6%) of the performance problems involve Inefficient Data
Transfer patterns. When data in unified memory is not proactively moved to the GPU, frequent

6https://stackoverflow.com/questions/68959852
7https://forums.developer.nvidia.com/t/263823
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page migrations occur with increased latency. Frequent small data transfers result in excessive low-
volume memory transactions, reducing overall bandwidth efficiency. Computations and memory
transfers are serialized rather than performed concurrently, resulting in non-overlapping kernel
executions and data transfers, leading to suboptimal GPU resource utilization. Data exchange
between GPUs follows a suboptimal path, and thus leads to inefficient multi-GPU system topology,
increasing communication overhead and reducing performance.
Algorithms. This category covers performance problems caused by inefficient algorithms, ac-

counting for 27 (12.5%) of the performance problems with two inner categories. Specifically, 16
(7.4%) of the performance problems suffer Inefficient Algorithms Selection, resulting in a high
time complexity for the CUDA program. For example, an inefficient reduction algorithm caused
suboptimal performance8. Besides, 11 (5.1%) of the performance problems are caused by Hardware-
Unaware Algorithm Implementation, where the algorithm fails to adapt to the highly parallel
GPU programming model. For example, an inefficient serial algorithm was used for a first-order
recursive problem, ignoring the execution model and resource limitations of GPU and thus leading
to suboptimal performance9.

CUDA Toolkits. This category covers performance problems caused by bugs inherent in CUDA
toolkits, accounting for 15 (6.9%) of the performance problems. Given the complexity of CUDA
toolkit development, the presence of certain bugs is inevitable, leading to performance degradation
even in correctly implemented CUDA programs. Some performance problems are caused by CUDA
bugs related to specific CUDA versions and CUDA libraries.

Compilation. This category covers performance problems caused by compilation issues, account-
ing for 15 (6.9%) of the performance problems with three inner categories. Specifically, 8 (3.7%) of the
performance problems use the debug mode. When debugging features are incorrectly enabled
during compilation, the CUDA program is compiled into a version that includes additional debug
information, e.g., symbol information, execution checks, and error-checking code. These additional
overheads cause a noticeable reduction in the program’s execution speed. 3 (1.4%) of the performance
problems lack compilation hints, preventing the compiler from performing automatic inlining
optimizations; and 4 (1.9%) of the performance problems have suboptimal compiler parameters.

Others. This category includes root causes that are less frequent, accounting for 3 (1.4%) of the
performance problems. For example, a performance problem is not due to the problem with the
program itself, but rather caused by GPU hardware issues. A performance problem occurs because
GPU slot limitations prevent the theoretical bandwidth from being achieved, while another is due
to inadequate cooling, leading to reduced power and thus impacting performance.

Summary. The root causes of performance problems in CUDA programs are quite diverse, which
makes their localization challenging. Around 61.1% of the performance problems are introduced
by issues related to memory usage, warp occupancy, and APIs, which involve key characteristics
about CUDA programming model.

4.3 Speedup Analysis After Fixing (RQ3)
The first six columns of Table 1 report the number of performance problems across root causes and
symptoms. The numbers before the parentheses indicate the number of successfully reproduced
performance problems in our dataset, while the numbers in parentheses represent the total number
of performance problems. Our dataset cover all root causes except for three of the 21 inner categories.
The seventh column of Table 1 shows the speedup range after fixing the 69 performance problems
in our dataset. Overall, a speedup of up to 2.0×, 3.0×, and 5.7× is achieved in 50%, 40%, and 30% of the

8https://stackoverflow.com/questions/69313189
9https://forums.developer.nvidia.com/t/248186
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Table 1. Reproduced Performance Problems across Root Causes and Symptoms and Evaluation Results

Root Cause Symptom Total Speedup Ncu Nsys Doc.
C. T. 𝑎 Mem. 𝑏 K. T. 𝑐 D. T. 𝑑 App.Iden.App.App.

Memory 0 (2) 3 (5) 20 (46) 1 (1) 23 (49) [1.04, 72.88] 16 14 2 21
Uncoalesced Memory Accesses 0 (1) 0 (1) 14 (29) 0 (0) 14 (29) [1.05, 46.57] 14 13 0 14

Incompatible Memory Type and Access Pattern 0 (1) 0 (1) 3 (11) 0 (0) 3 (11) [1.05, 72.88] 0 0 0 3
Redundant Memory Accesses 0 (0) 0 (0) 2 (3) 1 (1) 3 (4) [1.04, 1.06] 1 0 0 1

Small Memory Allocation Granularity 0 (0) 3 (3) 0 (0) 0 (0) 2 (2) [3.12, 5.17] 0 0 2 2
Shared Memory Bank Conflicts 0 (0) 0 (0) 1 (2) 0 (0) 1 (2) [1.32, 1.56] 1 1 0 1

Low Cache Hit Rate 0 (0) 0 (0) 0 (1) 0 (0) 0 (1) – 0 0 0 0
Warp 2 (6) 2 (5) 17 (38) 0 (1) 17 (42) [1.00, 2222.41] 16 13 6 16

Improper Kernel Launch Parameters 1 (5) 0 (0) 4 (13) 0 (0) 4 (14) [1.25, 32.76] 3 3 0 3
Imbalanced Thread Workload 1 (1) 2 (3) 6 (10) 0 (1) 6 (12) [1.12, 2222.41] 6 6 6 6
Inefficient Loop Unrolling 0 (0) 0 (2) 4 (6) 0 (0) 4 (7) [1.22, 2.44] 4 1 0 4

Branch Divergence 0 (0) 0 (0) 2 (6) 0 (0) 2 (6) [1.98, 9.57] 2 2 0 2
Redundant Warp Synchronization 0 (0) 0 (0) 1 (3) 0 (0) 1 (3) [1.00, 1.01] 1 1 0 1

API 0 (2) 0 (2) 9 (31) 1 (9) 10 (41) [1.01, 6214.44] 0 0 0 5
Efficient APIs Not Used 0 (2) 0 (2) 5 (20) 0 (2) 5 (23) [1.32, 2959.97] 0 0 0 5
Inefficient API Usage 0 (0) 0 (0) 4 (11) 1 (7) 5 (18) [1.01, 6214.44] 0 0 0 0

Data 1 (2) 0 (1) 7 (15) 1 (8) 8 (24) [1.07, 32.78] 5 4 1 6
Incompatible Data Types 1 (1) 0 (1) 7 (11) 0 (0) 7 (12) [1.07, 32.78] 5 4 0 5
Inefficient Data Transfer 0 (1) 0 (0) 0 (4) 1 (8) 1 (12) [1.09, 1.13] 0 0 1 1

Algorithms 0 (1) 0 (2) 8 (26) 0 (0) 8 (27) [1.00, 988.71] 0 0 0 2
Inefficient Algorithms Selection 0 (1) 0 (2) 4 (15) 0 (0) 4 (16) [1.00, 988.71] 0 0 0 0

Hardware-Unaware Algorithm Implementation 0 (0) 0 (0) 4 (11) 0 (0) 4 (11) [1.38, 16.41] 0 0 0 2
CUDA Toolkits 0 (1) 0 (2) 0 (12) 0 (1) 0 (15) – 0 0 0 0
Compilation 0 (0) 1 (2) 2 (13) 0 (1) 3 (15) [3.43, 173.64] 0 0 0 0

Debugging Mode Used 0 (0) 1 (2) 2 (7) 0 (0) 3 (8) [3.43, 173.64] 0 0 0 0
Suboptimal Compiler Parameters 0 (0) 0 (0) 0 (3) 0 (1) 0 (4) – 0 0 0 0

Unable to Perform Automatic Inlining Optimization 0 (0) 0 (0) 0 (3) 0 (0) 0 (3) – 0 0 0 0
Others 0 (0) 0 (0) 0 (1) 0 (2) 0 (3) – 0 0 0 0
Total 3 (14) 6 (19) 63 (182) 3 (23) 69 (216)[1.00, 6214.44] 37 31 9 50

𝑎 : Compute Throughput 𝑏 :Memory 𝑐 : Kernel Time 𝑑 : Data Transfer Time

performance problems after fixing, respectively. Notice that posts involving multiple performance
problems are split into separate performance problems, each performance problem in our dataset
has one root cause, and its speedup is measured by fixing one root cause in isolation.

Fixing Uncoalesced Memory Accesses (14, 20.3%). The fix is to adjust the memory access pat-
tern such that memory addresses accessed by the same warp are contiguous, enabling coalesced
memory accesses. For example, the speedup after fixing one performance problem10 reached 34.08.

Fixing Incompatible Memory Type and Access Pattern (3, 4.3%). The fix involves changing
the type of memory used. In two performance problems11,12, the memory was changed from shared
memory to registers, resulting in small speedups of 1.03 and 1.17, respectively. However, in another
one13, the memory was changed from local memory to registers, achieving a large speedup of 70.51.
Fixing Redundant Memory Accesses (3, 4.3%). The fix is to find redundant memory read

and write operations in the code and remove them. The performance loss caused by redundant
memory access is relatively small, and thus the speedup after fixing is also low.

Fixing Small Memory Allocation Granularity (2, 2.9%). The fix is to merge multiple memory
allocations into a single one. One performance problem14 caused an “out of memory” error even at

10https://stackoverflow.com/questions/76021386
11https://stackoverflow.com/questions/72769216
12https://forums.developer.nvidia.com/t/209144
13https://forums.developer.nvidia.com/t/208418
14https://stackoverflow.com/questions/60269623
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the smallest data size. The program could only run normally after memory allocations were merged,
achieving a speedup of 3.12.
Fixing Shared Memory Bank Conflicts (1, 1.4%). The fix is to change the shared memory

access pattern to avoid multiple threads accessing different data in the same bank. The fix applied
to one performance problem15 changed the distribution of data across the banks such that threads
accessed different banks,
Fixing Improper Kernel Launch Parameters (4, 5.8%). To fully utilize GPU devices, it is

important to avoid excessively small grid sizes and block sizes (e.g., 1). At the same time, an overly
large block size may reduce parallelism of blocks on the SM. Adjusting to an appropriate block size
can increase warp occupancy. Since the impact of launch parameters on the device’s utilization
varies across performance problems, the speedup between different performance problems can
differ significantly. For example, for the performance problem16 discussed in Sec. 4.2, after fixing
the grid size to a reasonable value, the speedup reached as high as 29.62.

Fixing Imbalanced Thread Workload (6, 8.7%). A common fix pattern is to balance the thread
workload by ensuring that all threads within a warp have similar execution times and resource
demands. The average speedup for this type of performance problems is 1.62, and the speedup does
not vary significantly with data size. Due to the extremely imbalanced workload in one performance
problem17, the speedup after fixing reached 1906.37.

Fixing Inefficient Loop Unrolling (3, 4.3%). The common fix is to unroll loops with high time
overhead. For example, adding #pragma unroll 32 to a for loop to unroll it resulted in a speedup
of 1.2318. Differently, one performance problem was caused by excessive unrolling19. Loop unrolling
can provide better performance for small data sizes, but when the data size exceeds 226 bytes, it
degrades performance. Thus, not unrolling the loop achieved a speedup of 1.22.
Fixing Branch Divergence (2, 2.9%). A common fix is to adjust the conditional statements to

ensure all threads in a warp follow the same execution path. The speedups ranged from 1.98 to 9.57.
Fixing Redundant Warp Synchronization (1, 1.4%). The fix is to remove the redundant

__syncthreads() statement. The performance loss caused by redundant synchronization is rela-
tively small, and therefore the speedup after the fix is low, with an observed speedup of only 1.01.
Fixing Efficient APIs Not Used (5, 7.2%). Developers need to fully understand the APIs

provided by commonly used CUDA high-performance libraries rather than implementing their own
simple versions. The simple implementation in one performance problem20 showed a significant
performance gap compared to the Thrust implementation. After switching to Thrust, the speedup
reached 190.68 at data scale of 220 bytes and 2959.97 at data scale of 229 bytes.

Fixing Inefficient API Usage (5, 7.2%). Developers should understand how to use library APIs
correctly, eliminating incorrect or improper usage scenarios. There was a mix usage of Managed
Memory API and Traditional Memory API21, which were incompatible and introduced latency.
After switching to consistent APIs, the speedup reached 31.65 at data scale of 220 bytes and 6214.44
at data scale of 229 bytes.

Fixing Incompatible Data Types (7, 10.1%). GPUs have different compute throughput for vari-
ous data types. In scenarioswhere high precision is not required, replacing data typeswith higher com-
pute throughput can lead to performance improvements. For example, GPU’s compute throughput

15https://stackoverflow.com/questions/75414006
16https://stackoverflow.com/questions/76745515
17https://stackoverflow.com/questions/76745515
18https://forums.developer.nvidia.com/t/111215
19https://stackoverflow.com/questions/62445861
20https://stackoverflow.com/questions/76247513
21https://stackoverflow.com/questions/75831866
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for floats is higher than for doubles, and thus using float instead of double brought a performance
speedup of 31.34 when double precision was not necessary22.
Fixing Inefficient Data Transfer (1, 1.4%). Kernel execution and data transfer were not over-

lapped in a performance problem23. As kernel execution and data transfer used different hardware
parts, they could be performed in parallel. The non-overlapping execution made data transfer and
computation tasks execute serially, slowing down the overall progress of the program. overlapping
kernel execution and data transfer led to a speedup of up to 1.13.

Fixing Inefficient Algorithms Selection (4, 5.8%). The fix is to directly replace or optimize the
inefficient algorithm. The speedup varies based on the difference between the original algorithm
and the optimized algorithm. For example, after fixing the reduction algorithm24, the speedup
reached 107.91 at data scale of 220 and 988.71 at data scale of 229.
Fixing Hardware-Unaware Algorithm Implementation (4, 5.8%). Directly porting a serial

algorithm to GPU execution often fails to fully utilize the GPU device. The GPU characteristics and
the CUDA programming model should be considered when designing algorithms. For example,
replacing the matrix operations with a parallel-friendly algorithm resulted in a speedup of 1.3825.

Fixing Debugging Mode Used (3, 4.3%). Although debugging mode is commonly used to check
other CUDA bugs, it is essential to ensure that the program is not compiled with debugging mode for
production. The speedup for three performance problems were 3.72, 173.64, and 3.43, respectively.

Summary. Fixing these performance problems results in varying levels of speedup, achieving an
average speedup of 2.14 (after excluding extreme cases). Therefore, the benefit of fixing performance
problems can be huge, which motivates the necessity of performance optimization.

4.4 Approach Assessment (RQ4)
We selected two typical performance analysis methods, which can be used by CUDA developers to
optimize the performance, and documentation related to CUDA performance optimization that
developers can use to analyze the performance of CUDA programs.

• Nsight Compute [34] is a kernel-level performance analysis tool provided by NVIDIA, specifically
designed for optimizing kernel performance in CUDA programs. It provides rich metrics and
detailed statistics, helping developers identify bottlenecks during GPU kernel execution process,
such as computational throughput, memory access patterns, and instruction execution.

• Nsight Systems [35] is a system-level performance analysis tool, aimed at helping developers gain
a comprehensive understanding of the interactions between the application, CPU, GPU, and other
system resources. Unlike Nsight Compute, which focuses on kernel performance, Nsight Systems
provides multi-dimensional timeline analysis that displays thread scheduling, memory access, I/O
operations, etc. It helps developers identify problems such as multi-threaded parallelism, system
bottlenecks, and data transfer latency, allowing for optimizations across the entire application.

• Documentation often provides suggestions for performance optimization. Thus, we selected two
official NVIDIA documents related to CUDA performance optimization, the CUDA C++ Program-
ming Guide [28], and the CUDA C++ Best Practices Guide [27], as well as a well-known book
about CUDA programming that provides developer’s guide to parallel computing with GPUs [8].

For these three techniques, we evaluated whether a technique was applicable to a performance
problem (or whether the performance problem fell within the capability scope of the technique).

22https://forums.developer.nvidia.com/t/111963
23https://stackoverflow.com/questions/73155788
24https://stackoverflow.com/questions/69313189
25https://forums.developer.nvidia.com/t/263823
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Moreover, for Nsight Compute, we evaluated whether it could identify performance problems and
suggest fixes. Our assessment results on our dataset are presented in the last four columns of Table 1.

According to the eighth and ninth columns of Table 1, Nsight Compute is applicable to 37 (53.6%)
performance problems; and it suggests reasonable fixes for 31 (44.9%) performance problems. For
example, a CUDA program had two performance problems26, branch divergence and uncoalesced
memory accesses. Nsight Compute provided indicators on the code lines causing performance prob-
lems and offered fix suggestions, “this line is responsible for a high number of warp stalls. See markers
on SASS lines for details” and “96.88% of this line’s global accesses are excessive”. Nsight Compute is
not applicable to other performance problems for two main reasons. First, Nsight Compute can
only analyze performance by capturing performance metrics, but cannot analyze code semantics.
However, code semantics understanding is often required to identify performance problems caused
by APIs and algorithms. Second, Nsight Compute works at the kernel level [31], while performance
problems such as “small memory allocation granularity” and “inefficient data transfer” are more
system-level. These results suggest that Nsight Compute works well for analyzing performance
problems in the warp category and most of the memory category, but has very limited capability in
analyzing problems in the API and algorithms category.
According to the tenth column of Table 1, Nsight Systems is only applicable to 9 (13.0%) per-

formance problems. For example, in the Timeline View of Nsight Systems, a massive number of
memory allocations were observed for one performance problem27, from which the performance
problem of small memory allocation granularity was inferred. Nsight Systems is not applicable
to other performance problems for two main reasons. The first reason is the same to the first one
for Nsight Compute. The second is that Nsight Systems is a system-level performance analysis
tool [32], and performance problems that require in-depth kernel-level analysis fall outside its
capability. These results suggest that Nsight Systems complements Nsight Compute well when
analyzing performance problems in the warp, memory and data categories, but its capability to
analyze problems in other categories is also very limited.

According to the last column of Table 1, documentation is applicable to 50 (72.5%) performance
problems. Notice that as long as the documents mention hints to certain performance problems, we
consider them as applicable. In that sense, the documents provide more coverage on performance
problems related to warp, memory, and data categories, while there is less discussion on performance
problems in the API, algorithms, and compilation categories.

Notice that we also evaluated other performance analysis tools, such as Linaro Forge [20], TAU
[37], Score-P [41], and HPCToolkit [44]. However, these tools offer very limited support for CUDA,
and can only provide some high-level statistical metrics, making them not applicable to CUDA
performance problems.
Summary. Existing performance analysis tools Nsight Compute and Nsight Systems are re-

spectively applicable to 53.6% and 13.0% of the performance problems, with an especially limited
capability in identifying API- and algorithms-related performance problems. In addition, although
documentation provides hints for a high coverage (i.e., 72.5%) of performance problems, automated
tools are still needed to ease the problem identification.

5 Implications and Threats
We provide the implications for developers and researchers, and discuss the threats to validity.

26https://stackoverflow.com/questions/61873539
27https://stackoverflow.com/questions/60269623
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5.1 Implications
For Developers. Our study uncovers common symptoms of performance problems, which CUDA
developers can observe when testing and running CUDA programs. Notably, diagnosing perfor-
mance problems related to memory, warp and data requires fine-grained performance metrics for
accurate localization. This highlights the need for developers to focus on more diverse performance
metrics when identifying and localizing performance problems. We also summarize common root
causes of performance problems, which can serve as a reference for CUDA developers when diag-
nosing, debugging, or fixing performance problems. Root causes related to API, algorithms, CUDA
Toolkits, and compilation are rarely covered in NVIDIA documentation [8, 27, 28] and tools [34, 35].
Therefore, developers need to learn how to diagnose and resolve these performance problems
independently. For example, developers should be familiar with common high-performance CUDA
libraries and their APIs to reduce performance problems in the API category by using optimized
and well-supported libraries for common functionalities. While constructing our dataset, we found
that some performance problems caused by loop unrolling28 and algorithms29 only manifest at
larger data scales. Therefore, when testing program performance or reproducing performance
problems, developers should consider multiple data scales.
For Researchers. Our findings suggest three directions for future research. The first is to im-

prove performance analysis methods. Although current performance analysis tools, such as Nsight
Compute and Nsight Systems, provide useful insights into CUDA program performance problems,
these tools have certain limitations when analyzing more complex problems. For example, cur-
rent tools primarily rely on collecting performance metrics to analyze program execution, but
they lack sufficient depth in analyzing performance problems related to categories such as API
and algorithms. Future research could explore how to enhance the semantic analysis capabilities
of these tools, enabling them to better understand the specific implementations within the code,
analyze potential performance bottlenecks, and offer more targeted optimization suggestions. In
addition, incorporating developer studies can help to better understand how practitioners identify
and diagnose performance problems in practice, thereby informing the design of more effective
analysis techniques.

The second is intelligent API recommendation. According to our empirical results, many CUDA
programs fail to efficiently utilize existing CUDA APIs. Particularly, when handling common com-
putational tasks, developers often prefer writing custom implementations rather than utilizing opti-
mized, high-performance CUDA libraries. These manual implementations typically do not achieve
the same performance levels as existing APIs, leading to performance bottlenecks. Therefore, there
is an urgent need to develop intelligent API recommendation techniques to recommend the best
CUDA APIs based on the specific requirements of the code. By automating the selection process,
developers can choose the most suitable APIs, thereby improving the overall performance.

The third is to automate performance problem fixing. Current performance analysis tools assist
developers in identifying performance problems and suggesting fixes, but they do not automate
the repair process. Developers still need to manually adjust their code based on the suggestions.
Future research should focus on automating the performance problem fixing process, particularly
by integrating problem detection with automated implementation of suggested fixes to minimize
developer intervention and manual debugging. Possible techniques include pattern-based transfor-
mation, where known performance problems are matched to predefined optimization templates,
and machine learning-driven approaches that leverage trained models to suggest code modifications.
Compiler-assisted optimization could also be enhanced to detect inefficiencies and apply fixes

28https://stackoverflow.com/questions/62445861
29https://stackoverflow.com/questions/59895961
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automatically. However, challenges such as ensuring correctness and adapting to diverse CUDA
workloads remain significant barriers to fully automated performance optimization.

5.2 Threats
First, our assessment across the four RQs may have the threat of subjective assessment. The data col-
lection process involved filtering. While this process ensures high-quality data, it is not completely
exhaustive, and some performance problems may have been missed. However, the adopted key-
words set achieved a recall of 100% on the 300 sampled posts. For RQ1 and RQ2, our study involved
manual analysis of a large number of posts, taking six person-months to complete. However, we
follow the open coding procedure, and our description of performance problems are mainly based
on the discussion in their original posts. For RQ3 and RQ4, they are answered by experimental
results. Therefore, we believe our assessment is fairly objective.

Second, while GitHub could have been a potential data source, several factors led us to exclude
it from this study. The quality and consistency of the data on GitHub can be inconsistent. Some
submitted code and problem descriptions may lack detailed context or complete reproduction steps,
which increases the difficulty of collecting data from GitHub and ensuring its quality. Therefore,
we chose StackOverflow and NVIDIA forums, as they provide relatively high-quality and more
targeted performance problem data, particularly in the context of CUDA and GPU programming.
Third, while our dataset size is relatively large, it may not cover all the CUDA performance

problems encountered in real-world applications, and thus the distribution of performance problems
may be influenced by the characteristics of those reported in public discussions. Specifically, some
non-reproducible problems (due to hardware issues, insufficient context or reproducible code) were
excluded, which may affected RQ3 and RQ4. However, we believe the impact is limited. This is
because our dataset has a high coverage of symptom and root cause categories, and is derived from
real-world developer discussions across two independent sources, which helps capture common
patterns of CUDA performance problems. To further validate and strengthen the generalizability of
our findings, future research should be conducted on larger and more diverse datasets, especially
across different domains and application scenarios.

6 Related Work
We review the closely related work in three aspects, i.e., high-performance computing performance
problems, CUDA program performance analysis, and CUDA program performance optimization.

High-Performance Computing Performance Problems. We first discuss studies on perfor-
mance problems in general HPC programs and GPU programs. Azad et al. [2] collected 1,729 HPC
performance commits from 23 real-world HPC projects. They analyzed root causes, fix patterns, fix
effort, and the required HPC skills to fix performance problems. However, they did not differentiate
GPU-related performance problems from CPU-related ones, resulting in a taxonomy that lacks some
GPU-specific root causes. Yang et al. [48] examined 10 open-source GPU projects onGitHub and iden-
tified root causes, fix patterns, and energy effects of performance problems. However, they did not
isolate CUDA-specific performance problems (on NVIDIA GPUs) with OpenCL-specific ones (on
AMD GPUs); and it targeted old versions of CUDA.

Next, we summarize studies on CUDA performance problems. Landaverde et al. [18] found
that the performance overhead of Unified Memory Access (UMA) introduced in CUDA 6+ varied
significantly depending on the memory access patterns. Czarnul [9] analyzed the impact of CUDA
streaming parameters and memory access patterns on host-device data transfer time. Cao et al. [4]
discovered that a mismatch between the CUDA and TensorFlow versions could lead to performance
problems. Yoshida et al. [50] analyzed how CUDA version changes affected GPU performance. They
found that in some cases, newer CUDA versions exhibited performance degradation compared to
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older ones due to excessive loop unrolling, inefficient instruction scheduling, and compiler effects.
These studies focus on specific types of CUDA performance problems, whereas our work aims to
systematically characterize CUDA performance problems.

Finally, we summarize existing datasets for CUDA programs. Several benchmarks [1, 5, 43] have
been constructed. Rodinia [5] is a benchmark suite for heterogeneous computing, providingOpenMP,
OpenCL, and CUDA implementations. It includes benchmarks that exhibit various types of par-
allelism and data access patterns across diverse application domains. Parboil [43] provided a set
of scientific computing applications to evaluate the performance of heterogeneous computing
platforms. Araujo et al. [1] developed a CUDA version of the NAS Parallel Benchmarks [3], a
standard suite for assessing parallel hardware and software. However, they are designed for per-
formance evaluation rather than for reproducing or analyzing performance problems. Yi et al.
[49] constructed the CUDAMicroBench benchmark, which contained 14 microbenchmarks col-
lected from previous works [26, 46] to analyze CUDA performance problems and fix patterns.
However, it only covers a subset of performance problems related to warp and memory.

CUDA Program Performance Analysis. Knobloch et al. [16] provided an overview of commer-
cial performance analysis tools for heterogeneous HPC applications [20, 34, 35, 37, 41, 44]. Among
them, Nsight Compute [34] and Nsight Systems [35], both developed by NVIDIA, offer more detailed
performance analysis (e.g., per-thread and per-warp analysis, memory access efficiency, and asyn-
chronous data transfer monitoring), making them the selected baselines in Sec. 4.4. However, these
tools primarily provide detailed performance metrics but rarely localize performance bottlenecks.
Developers must interpret the data to identify root causes and determine appropriate fixes. Muller
et al. [23] proposed RACUDA, an end-to-end resource analysis tool for CUDA kernels. Unlike
previous tools, RACUDA can directly detect and quantify the impact of three types of performance
problems, i.e., divergent warps, uncoalesced memory accesses, and shared memory bank conflicts.
However, it supports only a simple subset of CUDA (miniCUDA) and thus cannot be evaluated on
our dataset, which is constructed from real-world examples with advanced CUDA features.
CUDA Program Performance Optimization. CUDA applications can be optimized at two

levels, i.e., infrastructure-level and program-level [14]. Infrastructure-level optimizations enhance
performance without modifying CUDA programs by optimizing the infrastructure of CUDA ap-
plications [15, 19, 21, 53]. Examples include flexible kernel fusion [53], offloading parts of GEMM
operations from CUDA cores to Tensor cores [15], optimizing data transfer between kernels by
leveraging the L2 cache of GPUs [21], and reducing collective communication overhead across
multiple GPU nodes [19]. Fixing CUDA program performance problems requires modifying CUDA
programs, making it complementary to infrastructure-level optimizations. Program-level optimiza-
tions improve performance by modifying CUDA programs to better use heterogeneous computing
resources [6, 10, 40]. Examples include efficient usage of CUDA Unified Memory [6], loop unrolling
[10], and overlapping data transfer with GPU kernel execution [40]. We did not select program-level
performance optimization techniques as baselines in Sec. 4.4 for two reasons. First, they can only
fix programs with known performance problems and cannot detect performance problems. Second,
each technique targets specific root causes, but our dataset covers a wide range.

7 Conclusions
This paper has comprehensively investigated CUDA program performance problems. We have col-
lected performance problems, identified their symptoms and root causes, measured the speedup of fix-
ing performance problems, and assessed the capability of existing performance analysis tools. Our
work offers practical insights for CUDAdevelopers to enhance CUDAprogram performance, and pin-
points directions for future research.
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8 Data Availability
The data supporting the findings of this study is available at https://sites.google.com/view/cudaperf.
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