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ABSTRACT

Programming Graphics Processing Units (GPUs) for general-purpose
computation remains a daunting task, often requiring specialized
knowledge of low-level APIs like CUDA or OpenCL. While Rust has
emerged as a modern, safe, and performant systems programming
language, its adoption in the GPU computing domain is still nascent.
Existing approaches often involve intricate compiler modifications
or complex static analysis to adapt CPU-centric Rust code for GPU
execution. This paper presents a novel high-level abstraction in
Rust, leveraging procedural macros to automatically generate GPU-
executable code from constrained Rust functions. Our approach
simplifies the code generation process by imposing specific limita-
tions on how these functions can be written, thereby avoiding the
need for complex static analysis. We demonstrate the feasibility and
effectiveness of our abstraction through a case study involving lin-
ear pipeline parallel patterns, a common structure in data-parallel
applications. By transforming Rust functions annotated as source,
stage, or sink in a pipeline, we enable straightforward execution
on the GPU. We evaluate our abstraction’s performance and pro-
grammability using two benchmark applications: sobel (image fil-
tering) and latbol (fluid simulation), comparing it against manual
OpenCL implementations. Our results indicate that while incur-
ring a small performance overhead in some cases, our approach
significantly reduces development effort and, in certain scenarios,
achieves comparable or even superior throughput compared to
CPU-based parallelism.
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1 Introduction

As the rate at which data is created and must be processed grows,
programmers have begun to resort to parallel computation to cope
with these requirements [7]. A Graphical Processing Unit (GPU) is
a specialized hardware tailor-made to consume large amounts of
data and execute massive computations in parallel. Though they are
called “graphical”, they have for a long time been used for general-
purpose computation, where they are referred to as General Purpose
GPUs (GPGPUs) [15]. GPGPUs are used to accelerate workloads
in current artificial intelligence developments [5], mathematical
computing [24], and image processing [26].

Programming GPUs can be challenging, however, as they op-
erate under a fundamentally different programming model than
Central Processing Units (CPUs) [27]. Typically, one must learn
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either CUDA [28] or OpenCL [19], with all the intricacies of CPU-
GPU interaction. There is a long history of work that has tried to
simplify this, such as HIP [1], Kokkos [39], GSParLib [32], GPo-
tion [9], and so on. Many of these works are geared towards C++
(though GPotion is an Elixir library) and approach the problem
through different angles, such as creating libraries or relying on
code generation. Automatic code generation for executing code on
the GPU has been explored in works like SPar [13, 33]. These works
tend to run into limitations when it comes to static analysis when
they try to adapt the semantics of a language designed for the CPU
(in this case, C++) to one that must be executed on the GPU.

In the meantime, the programming language Rust came to be as
a modern low-level programming language promising safety and
performance [23]. Its capabilities for high-performance computing
has already been demonstrated in many recent works [4, 11, 12, 29—
31, 38]. Also in recent times, Rust’s potential to substitute C/C++
has also been demonstrated in other areas, such as its acceptance
in the Linux kernel [8]. This is driven by the understanding that
Rust avoids a whole category of bugs through its safety guarantees,
assuring that no program written in Rust without the use of the
“unsafe” keyword has undefined behavior.

Since Rust has been encroaching on many areas traditionally
occupied by C/C++, many are also trying to use it in the GPU
space [10, 34]. In this scenario, we propose a new Rust abstraction,
relying on the language’s procedural macros to automatically gen-
erate GPU code from Rust code. Our approach differs from many
previous works because it does not attempt to perform advanced
static analysis or compile regular Rust to a GPU-executable format.
Instead, we limit upfront the types of code that the user can write,
and use those limitations to greatly simplify the code-generation
process. Our procedural macros look very similar to function anno-
tations in other languages. More specifically, our main contributions
are:

e A new high-level programming abstraction in Rust for exe-
cuting certain functions on the GPU.

e An approach that is based on limiting how the functions to
be transformed can be written, so that the code generation
can be very straightforward and does not need to involve
complex static analysis. This basic idea could be transferred
to other programming languages.

e A comparative analysis of programmability and performance
using two benchmark applications. We use two implementa-
tions: a manual one and one using our proposed abstraction.

We use the linear pipeline parallel pattern as a case study for
our approach. Our abstraction will create a processing pipeline
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whose stages will run on the GPU. We chose the linear pipeline be-
cause it is conceptually simple but still generally useful in practical
applications.

This article is organized as follows. Section 2 contains the es-
sential theoretical background to understand our research. Section
3 contains the full explanation of how our programming abstrac-
tion works, followed by an example taken from one of our testing
applications. In Section 4, we show performance and programma-
bility metrics that indicate our programming abstraction reduces
development effort while incurring some measurable, albeit small,
overhead. We discuss related work in Section 5 and finalize with
our conclusions in Section 6.

2 Background

In this Section, we outline the most important concepts necessary
to understand this work. These include basic notions of the Rust
programming language, GPU programming, and the linear pipeline
parallel pattern.

2.1 Rust

Rust is a modern, low-level programming language with a focus
on performance and safety. As a language, Rust has many features,
but we will focus on the two most important ones to understand
this work: safety, which many would claim is one of Rust’s main
selling points, and procedural macros, which are the mechanism
we will use to do code generation.

2.1.1 Safety. Rust’s safety guarantees can be summarized in one
sentence: as long as the keyword “unsafe” is not used, if the program
compiles, then it does not have undefined behavior [23, 37]. Rust en-
sures this through both statically-enforced rules, such as its borrow
checker and
scoped-bounded lifetimes, and runtime checks, such as verifying
we are not indexing an array beyond its bounds. This means the
program may panic, but it will panic every time, as opposed to
C/C++, where it may raise a segmentation fault in some executions,
but not others. A full purview of what safe Rust entails and how
safe and unsafe Rust interact is outside the scope of this paper.
However, it is important to keep in mind that safety (i.e., the lack
of undefined behavior) is one of Rust’s main selling points, and
therefore it is generally encouraged to use as little unsafe Rust as
possible. Typically, one would profile the program to see if any
regions of code would benefit from, for example, bypassing bound
checks on array accesses, and only then resort to using unsafe. Of
course, in certain low-level programs, unsafety is inevitable, such as
when the programmer must make use of inline assembly to attain
the exact results they desire, as may happen sometimes in operating
systems or drivers. In this work, we use almost no unsafe code. The
main exception is in the code we generate for the functions that
interact directly with the GPU. Since they are marked as unsafe
functions, they can only be called within an unsafe block.

2.1.2  Rust Procedural Macros. Rust has two types of macros: pro-
cedural and declarative. Declarative macros perform advanced text
substitution. Though they are quite versatile, they are not as permis-
sive as C/C++ macros. For example, they can not use variables that
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are not available in the scope where the macro was defined. Proce-
dural macros (proc-macros), on the other hand, have no limitations
in the code they may generate. When the programmer makes a call
to a proc-macro, the compiler calls upon a small program (devel-
oped by the proc-macro’s creator) and feeds it the proc-macro’s
argument as raw Rust tokens. These tokens may then be parsed and
processed arbitrarily by the proc-macro’s implementation. There
are 3 kinds of procedural macros:

(1) Function-like — these look like functions, except they must
be called with an extra ! token. An example is the print macro
from the standard library: println! (...). It is important
to keep in mind that the arguments this function-like macro
accepts are parsed as raw Rust tokens. Type checking is only
done after the proc-macro has already generated the code.

(2) Derive — these are procedural macros that can be used
in #[derive(...)] annotations. These annotations can be
placed in a struct, an enum, or a union. Their primary use
case is creating standard function implementations automat-
ically. For example, a struct with #[derive(Debug)] will
have a generic implementation for printing debug informa-
tion.

(3) Attribute — these look like annotations in other program-
ming languages. They are called with the syntax:
#[macro_name], and can be attached to anything the Rust
Reference considers an “Item” [36].

In this paper, we work primarily with attribute procedural macros.
We perform function transformations, and the attribute procedural
macros can be used to annotate the relevant functions in a very
natural manner. In our implementation, we also make use of a
declarative macro, but it is very simple and not of great academic
interest.

2.2 GPU Programming

GPUs have a fundamentally different architectural design from
Central Processing Units (CPUs) [22]. They are highly parallel sys-
tems, with less potent individual cores, but a much higher amount
of them, thus being optimized for high throughput, at the expense
of having higher latency than a typical CPU.

Each thread in a GPU is part of a group of 32 threads called a
warp. Due to the simpler individual cores, the threads in a warp
all share the same control flow. This means that if one thread in
the warp needs to take a different branch when executing the code,
the GPU will typically execute the code twice: once to collect the
other 31 threads’ results, and once to collect the result of the one
divergent thread. This fact must be taken into consideration if one
wishes to program GPUs efficiently.

There are two currently widely used general-purpose, low-level
GPU programming APIs: CUDA [28] and OpenCL [19]. We cur-
rently only target OpenCL, though generating CUDA should not
be challenging. Both of these APIs offer programming languages
that are very similar to C in their syntax. We will not use any of
their more advanced features and will instead focus on the simple
syntactic adaptations needed to make Rust code executable on the
GPU.
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Figure 1: An example of a linear pipeline.

2.3 Linear Pipelines

A linear pipeline is a parallel pattern described by a directed acyclic
graph that represents the flow of a computation [25]. Figure 1 has an
example of a linear pipeline. Linear pipelines can explore parallelism
by operating on different units of work at the same time. In Figure 1,
this corresponds to the nodes that have the same number; they
are all executing the same code, in parallel. As explained in the
previous Subsection, GPUs are particularly good at this. Another
way that linear pipelines exploit parallelism is inter-stages: while
stage 1 is executing, stage 0 can already process the next bit of
data simultaneously. This kind of parallelism is heavily relied on
in modern CPUs [35]. This second kind of parallelism is not very
relevant for this work, because, as we explain in the next Section,
we will not be exploring it, instead leaving it for possible future
work.

It is common to call the nodes that begin and end, respectively,
source and sink. These nodes are often special because they must
interact with the surrounding environment, often by either reading
input or writing output. The rest of the pipeline can, theoretically,
be completely hermetic (though in practice, it is not unusual to
have the inner nodes write to log files to help diagnose problems).

Our work uses linear pipelines as a case study for GPU code gen-
eration. We focus on this pattern because it is both simple to explain
and implement, but general and powerful enough to model non-
trivial, computationally costly applications. Furthermore, the way
it explores parallelism, through stage replication, is very amenable
to GPU execution.

3 GPU code generation with Procedural Macros

Our primary goal is to adapt code inside a Rust function so that it
may be executed on the GPU. As a case study, we are not concerned
with optimizing certain programming patterns, such as map and re-
duce, but rather simply wish to show the feasibility of our approach.
We will be working exclusively with applications that can be repre-
sented through a linear pipeline. In our previous work, we formally
defined linear pipelines in Rust, expressing parallel computations
and targeting multi-core and cluster [Omitted for blind review].
Here, we use very similar ideas, but adapted to work for the GPU.
For example, we will not be using threads in our implementation
(in our previous work, the source and sink stages always executed
in a separate thread), and all parallelism will be exploited through
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the GPU. This means the multiple stages will not be executed at
the same time, as they should in a proper pipeline. We leave that
exploration for future work. Our strategy is to make it so that every
inner stage of the pipeline executes in the GPU, while the outer
stages (the source and the sink), will the responsible for getting the
data in and out of the GPU (and therefore will execute on the CPU).
This means we need at least 3 different function transformation
routines: one for the source, one for the sink, and one for the inner
stages. Listing 1 shows the resulting APIL There are three differ-
ent annotations, one for each different function transformation. Of
these, only the stage transformation will generate GPU executable
code.

#[source]

2| fn source(/xinputsx/) ->

/

/*outputsx/ {

sequential source logic =*/

}

5| #[stagel

6| fn stage(/*inputs*/) => /#outputs=/ {

/* sequential stage logic =x/

5|y

9| #[sink]

10| fn sink(/*inputs#*/) => /*outputs=*/ {
/* sequential sink logic */

12|}

Listing 1: Desired application level code

To transmit data to and from the GPU, we use the
rust-gpu-tools library!, which lets us create buffers and com-
pile and execute kernels?.

As a general-purpose programming language, Rust has many
constructs that simply can not be reproduced effectively on the
GPU, such as hash maps. As such, we force the programmer to
only use fundamental types or vectors of those fundamental types:
132, u8, Vec<u32>, etc. These types all have natural equivalents in
OpenCL: f32 — float, u32 — unsigned int, and so on. Vectors
are transformed into a pointer of the relevant type, followed by
its length. The original functions must only receive these types as
parameters (with some exceptions for the source and sink func-
tions), and can only produce these types as output. We validate
this requirement in our proc-macro implementation and output an
error when it is violated.

The rest of this Section is dedicated to explaining each of the
function transformations in Listing 1 in more detail.

3.1 Source and Sink

Because the source and sink execute in the CPU, they have different
requirements for the types they may use. The source function can
accept any type as a parameter, but it must output a type that imple-
ments the Iterator trait. The items produced by this iterator must
comply with the GPU type limitations we mentioned earlier. Our
function transformation consists of copying the original function’s
implementation, and then mapping every item outputted by the
iterator onto its GPU equivalent. Most importantly, this includes
putting the content of every Vector in a GPU buffer. The result is
that the new, transformed function generates items that are ready
to be processed by the GPU in subsequent stages in the pipeline.

Lhttps://github.com/filecoin-project/rust-gpu-tools
Zkernels”, in this context, refer to GPU executable functions
3traits are Rust’s name for what is usually called “interfaces” in other languages
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The sink function, on the other hand, has the same limitations
on the types of its parameters as the stage functions, but it can
output any arbitrary type. We essentially do the reverse process
from the source function: first, we map every GPU type onto its
Rust equivalent (this includes transferring over GPU buffers to Rust
vectors), then we execute the original function’s code on that data.

3.2 Stages

Now that we can get data in and out of the GPU, we must address the
stages. The GPU type limitation now extends to every statement in
the function’s body. We can not simply instantiate a binary heap in a
GPU kernel, for example. Furthermore, we can not create arbitrary
vectors, and so the original Rust function must only use the vectors
that it received as input, or a special vector called “output”. The
original Rust function must be composed of exactly 3 statements:

(1) “let mut output = vec![Q; <size>];”, where <size>
is an expression that evaluates to an “usize”. We use this
to determine the size of the output vector in the generated
function.

(2) the second statement is a for loop in the form:
“for global_id in <range>”, where <range> evaluates
to an “usize”. The range will be used to calculate how many
GPU threads we will have to spawn when creating the ker-
nel. The body of the for loop will make up the body of the
GPU’s kernel.

(3) The final statement is simply the function’s output.

The full set of rules and limitations we impose on the program-
mer for what can be in the original Rust function is listed in Sec-
tion 3.3. By severely limiting the expressivity of the original Rust
code, it is possible to leverage the similarities between Rust and
C’s syntax and generate the GPU kernel’s body through simple
syntactic adaptation. The most important adaptation is changing
“let” statements (let var: i32 = 0) to place the correct type
before the variable’s identifier: (int var = 0).

This approach is different from other traditional techniques that
try to do very complex static analysis and transformations. Instead,
we keep our transformations as simple as possible and limit the
ways the original program can be written. This makes it easy to
reason about and rely on its correctness, since our syntactic adap-
tations do not really change the program’s semantics. Future work
can focus on relaxing some of these constraints while gradually in-
troducing more complex static analysis alongside them. This allows
for incremental progress while retaining the transformations’ relia-
bility. Section 3.5 shows a full example of what the transformation
looks like.

3.3 Limitations

The following is an exhaustive list of every limitation our approach
imposes on the original Rust function for us to be able to adapt it
to the GPU (some have already been discussed):

(1) every input and output must be either a fundamental type,
or a vector of a fundamental type;

(2) type inference is disallowed. The programmer must always
use the “let i: <type>” syntax. Type checking will be done
later by the OpenCL compiler after we generate the code;
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(3) functions are disallowed. The programmer must manually
inline all functions. The exceptions are functions in the
standard library’s £32 and 64 modules, called specifically
through the syntax “f32:: function” and “f64: : function”
(not using imports), whose names match exactly to functions
that exist in OpenCL;

(4) the first statement in the function must be in the format
“let mut output = vec![Q; <size>];”;

(5) the second statement in the function must be in the format
“for global_id in <range>”;

(6) after the “for” loop’s body, there must be only 1 statement:
the variables the function will return;

(7) no other for statements are allowed;

(8) while and if statements’ conditions must be surrounded
with  parenthesis: while (<condition>) and
if (<condition>). This is not necessary in Rust, but it
is in OpenCL and CUDA;

(9) no statement can use any type that is not fundamental. The
only vector types allowed are the function’s input and the
output vector; and

(10) the only operations allowed on vectors are reading and writ-
ing through indexing and getting the vector’s length through
“vector.len()”.

As mentioned, these limitations were all strategically chosen so
that the accepted Rust code will be syntactically and semantically
similar to OpenCL, thus allowing our code transformations to be
very simple. All of these constraints are statically checked in our
proc-macro implementation, and errors are reported when they are
violated.

3.4 Putting it all together

Since the transformed source function returns an iterator, as long as
the type signatures for every stage and the sink are correct, calling
the transformed functions consists of calling the source function
and then mapping every item with the transformed stage functions,
and the sink at the end. Listing 2 shows what that looks like. The
map function is the one from Rust’s standard library that changes
an iterator of type T1 to one of type T2. In our case, we do not
change the type, as they are all GPU Buffers, but simply execute
the code within each stage.

1‘ source(inputs) // this returns an iterator

‘ .map(|args| stagel(args))
s‘ .map(|args| stage2(args))

.map(|args| sink(args))

Listing 2: Calling the transformed functions

3.5 A full example

Listings 3 and 4 show an example of generating code for the GPU.
It is the Sobel filter of one of our testing applications. It shows nearly
every limitation discussed in Section 3.3. We have commented the
code (and formatted the GPU code) to make it easier to follow.

We can observe the many limitations imposed on the Rust code:
the format of lines 5 and 9 in Listing 3 is fixed. The lines must
always be, first, a mutable vector named “output”, followed by a
for loop. The GPU function is composed primarily of what is inside
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fn sobel_filter(img_vec: Vec<u8>, width: u32, height: u32) -> (Vec<u8>, u32, u32) {
// These first two lines MUST be in this exact general format, as we explained
// above. We will use this first line to calculate the GPU's output buffer's size
let mut output = vec![0u8; (width * height) as usizel];
// This line will be used to know how many threads we should spawn. We execute every element
// in the range in a different thread. In this case, we will be executing 'width' GPU threads
for global_id in ©..width as usize {
let stride: usize = 2 + width as usize;
// For loops besides the above are not allowed, so we use a while loop instead
let mut j: usize = 0;
while (j < height as usize) {
// Note all the explicit typing with ': i32' and 'as i32'. This is very
// non-idiomatic Rust, but it is necessary for us to be able to transform it.
let valeo: i32 = img_vec[global_id + (j x stride)] as i32;
let vall: i32 = img_vec[global_id + 1 + (j * stride)] as i32;
let val2: i32 = img_vec[global_id + 2 + (j * stride)] as i32;
let val3: i32 = img_vec[global_id + ((j + 1) x stride)] as i32;
let val5: i32 = img_vec[global_id + 2 + ((j + 1) * stride)] as i32;
let val6: i32 = img_vec[global_id + ((j + 2) * stride)] as i32;
let val7: i32 = img_vec[global_id + 1 + ((j + 2) * stride)] as i32;
let val8: i32 = img_vec[global_id + 2 + ((j + 2) * stride)] as i32;
let gx: f64 = ((-vale) + (-2 % val3) + (-val6) + val2 + (2 % val5) + val8) as f64;
let gy: f64 = ((-vale) + (-2 % vall) + (-val2) + valée + (2 % val7) + val8) as f64;
// calling the min and sqrt functions is allowed because
// they are prefixed by 'f64::'. No other functions can be called.
let mag: f64 = f64::min(f64::sqrt((gx * gx) + (gy * gy)), 255.0);
output[global_id + (j * width as usize)] = mag as u$8;
=1

3}
(output, width, height)

Listing 3: Sobel filter in Rust (commented)

// The first four parameters are the same as those of the Rust function. “output™ is a new parameter
// that all generated GPU functions have. Note how every array has a length accompaning it.
__kernel void sobel_filter(
__global unsigned charx img_vec, unsigned int img_vec_len,
unsigned int width,
unsigned int height,
__global unsigned charx output, unsigned int output_len) {
// We begin by calculating the global ID and seeing if it is in Rust's for loop's range. As
// explained, we distribute the work by sending each value in the range to a different GPU thread.
unsigned int global_id = get_global_id(1) * get_global_size(0) + get_global_id(0);
if (global_id < @ || global_id >= width) return;
unsigned long stride = 2 + width;
// This is the while loop that was in the Rust code.
unsigned long j = 0;
while (j < height) {
// in here, we use only indexing operations on vectors, which
// are one of the only 2 operations allowed on them.
int vale = img_vec[global_id + (j * stride)];
1 + (j *x stride)];
2 + (j * stride)];
((j + 1) * stride)];
2 + ((j + 1) * stride)];

int vall = img_vec[global_id
int val2 = img_vecl[global_id
int val3 = img_vec[global_id
int val5 = img_vec[global_id
int val6é = img_vecl[global_id ((j + 2) x stride)];

int val7 = img_vec[global_id 1+ ((j + 2) * stride)];

int val8 = img_vecl[global_id + 2 + ((j + 2) * stride)];

double gx = ((-vale) + (-2 % val3) + (-val6) + val2 + (2 x val5) + val8);
double gy = ((-vale) + (-2 % vall) + (-val2) + valé + (2 * val7) + val8);
// here, we call the sqrt and min functions. This is allowed because in

// Rust these functions are prefixed by 'f64::', which we can transform.
double mag = min(sqrt((gx * gx) + (gy * gy)), 255.0);

output [global_id + (j * width)] = mag;

jo+=1;

Listing 4: Sobel filter GPU generated code (commented and formatted manually)

SBLP’25, September 22-26, 2025, Recife, PE



SBLP’25, September 22-26, 2025, Recife, PE

latbol

sobel

Figure 2: Applications processing graphs

this for loop. Each element of the loop will execute in a different
thread. Within the loop, we see that we had to use a while loop,
even though another for would make for more idiomatic Rust
code. Furthermore, all the types are specified with the syntax let
var: <type>, which is also not idiomatic Rust. Finally, we use
two functions prefixed by f64: f64: :min and f64: :sqrt. These
functions have a direct OpenCL equivalent, and so we can transform
them by simply removing their prefixes in the GPU code.

4 Results

This Section will evaluate the effectiveness of our transformations
by comparing them to hand-written implementations in terms
of performance and programmability. We will use two programs
to that end: sobel, which transforms a list of images into gray-
scale, and then applies a sobel filter [18] on them?, and latbol,
which performs a fluid simulation using the Lattice Boltzmann
method [6]°. Figure 2 contains the applications’ processing graphs.
Note that latbol runs in a loop, feeding previous results back into
the pipeline. In this case, we managed to model the application
naturally by firing the pipeline every iteration, with some caveats,
which we discuss below.

4.1 Performance

We analyze the applications’ performance in two different machines:
System A with a AMD Ryzen 5 5600X 6-Core, 32GB of RAM and a
NVIDIA GeForce RTX 3090 GPU; and System B with two Intel(R)
Xeon(R) Gold 5118 CPU @ 2.30GHz, 190GB of RAM, and an NVIDIA
Tesla M40 GPU. Therefore, System A has a rather weak CPU and
a powerful GPU, while System B has two powerful CPUs and a
comparatively weaker GPU, thus making for two distinct testing
environments.

Figures 3 and 4 show the results of executing the programs on
both machines. The manual GPU implementation in OpenCL we
use as a baseline is called “gpu”. We also compare the GPU results
with Rayon [31], a widely-used Rust library for multi-threaded par-
allelism, based on work-stealing. The idea is to see whether using
the GPU is better than simply executing the application using the
maximum number of CPU threads. And, indeed, Figure 3 shows that,
for the sobel application, which has a smaller workload, in Sys-
tem B, which contains two powerful CPUs and a relatively weaker
GPU, we can actually attain greater throughput by executing the
program in the CPUs instead. On the other hand, System A already

“4code adapted from https://github.com/dangreco/edgy
Scode adapted from https://github.com/ndbaker1/bloe
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Figure 3: sobel GPU benchmark application results

benefits from executing on the GPU, even in an application with a
relatively small workload. Furthermore, we see that in both systems
our implementation reaches a throughput very close to the manual
implementation (for System A, its average is higher, but within the
manual implementation’s standard deviation). The latbol appli-
cation, which has a heavier workload, is where the advantages of
the GPU truly shine. In System A, GPU throughputs are around 20
times higher on average than using Rayon. In System B, the GPU
is still around 3 times faster, with our automatic code generation
being around 1.75 less efficient than the manual implementation.

4.2 Programmability

Table 1 summarizes the programmability comparisons between the
manual GPU implementation and the automatically generated one.
We measure significant lines of code (SLOC) with the scc tool®.

®available at: https://github.com/boyter/scc
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Figure 4: latbol GPU benchmark application results

sobel latbol
SLOC Hours U | SLOC Hours U
sequential 40 242 N 86 759 N
gpu 95 906 Y| 199 758 N
our work 58 81 N 311 5544 | Y

Table 1: GPU programmability metrics. “SLOC” stands for
“Significant Lines Of Code”, “Hours” for Halstead estimated
development effort and “U” for whether unsafe Rust was
used in the implementation.

We also use the Halstead [14] method to estimate development
time, which is based on operand and operator tokens. It counts
the number of operators and operands, their total occurrences, and
uses that to calculate a development effort estimate (in estimated
hours of work). More specifically, we used Andrade’s work in [2],
which extended Halstead to be more suitable for measuring parallel
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programming complexity. Since Andrade’s tool was focused on
C++, we had to add the relevant keywords for Rust and our use
case.

Despite our effort to choose a suitable methodology, it is im-
portant to understand that OpenCL involves programming in two
languages: Rust and OpenCL (which is a modified C). Furthermore,
our proc-macros demand that the functions they will transform be
written in a very specific way (see Section 3.3). These factors can
make measuring programmability somewhat unreliable because
these methods do not take into account the extra cognitive load
of having two languages in the same project or of programming
while complying with all our imposed limitations.

Keeping these caveats in mind, we see in Table 1 that Halstead
estimated development hours give an edge to our code generation
approach. Interestingly, this remains true even in latbol, where
we have around % more lines of code. Furthermore, our extra layer
of abstraction allowed us to forego the use of unsafe Rust in the
sobel application, but we were forced to include it in the latbol
application to attain good performance (we used it to reinterpret a
Vector of float arrays as a Vector of floats, so we can send the entire
thing at once to the GPU).

5 Related Work

There are still not many academic works regarding Rust and GPUs.
Of more recent efforts, we can cite [3], which proposes a new com-
piler extension to allow writing GPU kernels in native Rust. The
authors concluded that while their approach simplified kernel ex-
ecution for the end programmer, it necessitated many changes to
the compiler with regard to type checking and code generation.
As Rust is still an evolving language, and the compiler’s internal
implementation is constantly changing, this seems challenging to
accomplish in practice, though perhaps it could be done with an
entirely custom compiler. We consider patching the compiler to be
too difficult to maintain long-term without a dedicated, specialized
team. As such, our approach does not rely on modifying the com-
piler. In fact, as procedural macros have properly specified behavior,
they should work in any correct Rust compiler. Our approach also
focuses specifically on ease of implementation, by limiting how the
to-be-transformed Rust code can be written.

Another work that attempted something similar is [16], which
tried to compile Rust to PTX, NVIDIA’s low-level virtual instruction
set for GPUs. It is an old work (2013) — before Rust even had a stable
release. Indeed, their code examples no longer compile because
they use keywords that changed later during Rust’s pre-release
development. This work is more general than [3], but it has a similar
set of problems and limitations, with the additional obvious issue
that it was made before Rust’s first stable release.

Rust also has promising non-academic works worth mentioning.
The Rust CUDA Project [34] is somewhat of a continuation of [16],
trying to compile Rust to PTX. Development had stagnated, though
it seems to have been picked up again recently. rust-gpu [10] is try-
ing to do something similar with SPIR-V [20] as their compilation
target. SPIR-V is a binary language primarily used with Vulkan [21]
and OpenCL. Vulkan is generally geared towards graphical applica-
tions, though it could also be used for general compute.
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Finally, C++ has traditionally enjoyed many proposals for ab-
stracting parallel programming in general. As examples, both
Kokkos [39] and HPX [17] can execute parallel code on multi-
ple runtimes, including GPUs. These works focus primarily on
code portability, defining abstract programming models that allow
generating parallel code for multiple backends at once. They then
implement an API based on their programming model, which the
end developer can use to build their parallel applications. These
works do not focus on ease of programming, an explicit concern
of ours, and demand that the programmer learn their own abstract
model and API, which can often have non-trivial semantics. Our
work has no focus on portability (we only execute on GPUs with
support for OpenCL), but instead tries to make programming for
that one supported platform as easy as possible (although we do
have plans to extend this work to also generate CUDA). Further-
more, our proposed abstraction is simpler and easier to implement
in general — we do not need a whole programming model to do so
— at the price of limiting what kinds of code we can transform.

Also, for C++, there are the works of SPar [13]. SPar wishes pri-
marily to simplify writing parallel stream-processing applications
in C++. It uses C++11 annotations to express stream parallelism.
These annotations are then parsed by a custom C++ compiler, which
generates the parallel code. SPar can generate code to execute in
the GPU through [33]. The code the developer writes looks similar
to what we have created here, with the main difference that SPar
annotates for loops, not functions. However, where they differ sig-
nificantly is in the implementation: the SPar developers had to put
a great deal of effort into implementing an entire custom compiler
to make their approach work. In contrast, because we limited the
kinds of code we allow in our functions, our implementation can
be much simpler.

6 Conclusion

In this work, we have proposed a Rust abstraction based on code
generation with procedural macros to execute code on the GPU.
We have explained our approach, outlining its limitations, and
also demonstrated its effectiveness at reducing code complexity
while retaining most of the gains of GPU parallelism. The main
advantage of our methodology compared with other work is that
we do not have to perform any complex static code analysis, adapt
the Rust compiler, or define an extra abstract programming model
to parallelize the code. By instead simply limiting the possible Rust
constructs that can be used within the code to be transformed,
our transformation can be very straightforward, and we need not
engage with complicated ways of assuring semantic equivalence
between the original and generated code.

As future work, we would like to extend the set of benchmarks
and testing machines we have used to validate our results. We
would also like to implement a CUDA backend, which should not
be very challenging, as it would consist of simply changing some of
the OpenCL-specific generated code, since CUDA and OpenCL have
nearly identical, C-based syntax. A more difficult, but also more in-
teresting direction would be trying to relax the limitations described
in 3.3. The more we manage to eliminate, the more ergonomic and
natural using our procedural macros would feel. Unfortunately, this
would also entail more complex static analysis, defeating one of
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the main advantages of our approach. We could also use threads
to allow multiple stages to offload their calculations to the GPU at
the same time, thus further exploring the parallel processing ca-
pabilities of the linear pipeline. Finally, we could plan larger-scale
studies to evaluate programming productivity more reliably.
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