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Abstract
Kernel fusion is an important optimization for GPU programs, as it
reduces intermediate memory traffic and kernel launch overhead
in producer-consumer computations. However, automatic fusion
is difficult to integrate into high-level GPU frameworks, especially
when kernels are generated dynamically. This paper presents a user-
directed runtime kernel fusion mechanism for PolyHok, an Elixir-
embedded DSL for GPU programming based on data-parallel skele-
tons. Programmers explicitly delimit candidate skeleton pipelines,
while an Elixir macro performs source-to-source transformations
that compose the corresponding computations and generate fused
GPU kernels. The implementation does not require changes to the
GPU compiler or to the Elixir runtime. An experimental evaluation
with synthetic and application-level benchmarks indicates that the
proposed mechanism can reduce intermediate memory traffic and
improve performance in memory-bound workloads.
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1 Introduction
High-level Graphics Processing Unit (GPU) programming frame-
works often expose reusable data-parallel patterns to reduce the
complexity of GPU programming [1, 2, 7, 19, 25]. These abstrac-
tions let programmers build applications by composing higher-level
primitives, rather than writing low-level GPU kernels directly. In
practice, however, compositions of such patterns are commonly low-
ered into sequences of independent kernels. In producer-consumer
pipelines, this execution model tends to introduce intermediate ten-
sor allocations, additional global-memory traffic, and repeated ker-
nel launches. As a result, application performance can become lim-
ited by memory transfer rates rather than computational through-
put, creating a costly bottleneck in memory-bound workloads.

A common optimization strategy for GPU applications is kernel
fusion [17], in which multiple kernels are merged into a single
execution unit to reduce global memory traffic and kernel launch
overhead. However, many GPU programming frameworks still lack
effective mechanisms for performing kernel fusion. One challenge
faced by these systems is that compilers often lack sufficient in-
formation to safely and effectively fuse independently generated
kernels. In practice, GPU kernels are frequently compiled separately
through static compilation pipelines, which introduces additional
challenges such as pointer aliasing, indirect function calls, and
limited visibility of higher-level program structure.

In this paper, we investigate the feasibility of a user-directed
runtime kernel fusion mechanism. Our approach leverages Elixir

metaprogramming capabilities to operate over the program’s Ab-
stract Syntax Tree (AST), enabling the composition of skeletons into
fused GPU kernels. Consequently, the approach avoids the engi-
neering and maintenance costs associated with compiler-dependent
optimizations across toolchain versions. Furthermore, the proposed
fusion mechanism does not introduce additional runtime depen-
dencies beyond the existing PolyHok infrastructure, making the
solution suitable for integration into other Elixir-based DSLs and
applications. In summary, this work presents the following contri-
butions:

• The development of a new fusion module capable of compos-
ing parallel skeletons into fused GPU kernels. The proposed
solution targets memory-bound applications by reducing re-
dundant global-memory accesses and intermediate memory
allocations.

• Anew language keyword (Fusion.compose) to delimit skele-
ton pipelines that should be considered in the source-to-
source translation phase. The construct enables selective
application of the transformation without requiring users to
manually rewrite the underlying kernels.

• An experimental evaluation of the proposed solution using
four benchmarks. We evaluate the performance gains of
fusing producer-consumer kernel pipelines compared with
non-fused execution. Experimental results demonstrate that
runtime kernel fusion can be achieved with performance
improvements for memory-bound GPU applications.

The remainder of this work is organized as follows. In Section 2,
we present the fundamental concepts on which this work is built.
Section 3 then presents the design of the proposed extension along
with implementation details. In Section 4, we present the experi-
ments comparing the performance of fused and non-fused bench-
marks. Related work is discussed in Section 5, and conclusions are
drawn in Section 6.

2 Background
In this section, we present some preliminary concepts on which
the proposed solution is built.

2.1 GPU Execution Model
GPUs are SIMT (Single Instruction, Multiple Threads) processors in
which programs are expressed through kernels, which are functions
executed concurrently by many threads. The execution hierarchy is
organized into threads, thread blocks, and grids. Threads within the
same block can cooperate through shared memory and synchroniza-
tion primitives, while multiple blocks compose a grid representing
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the complete kernel launch. In CUDA-like programming models
[20], each thread identifies the data it processes through built-in
indexing variables such as threadIdx, blockIdx, and blockDim.
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Figure 1: An example of a roofline model chart for a commer-
cial RTX 4060 GPU. The yellow area indicates that kernel
execution time is influenced by memory bandwidth, while
the green area indicates that the kernel is limited by compute
throughput. The ridge point indicates the minimum amount
of computation required to avoid the memory wall (adapted
from [27]).

GPUs have distributed memory with an explicit hierarchy that
should be controlled by the programmer. At the fastest level, each
thread has private registers that store temporary values during
kernel execution. Registers are considered a critical resource and
can directly impact performance if a kernel consumes too many
of them. Shared memory is part of the SM’s L1 cache and should
also be explicitly managed by programmers. Shared memory can be
used to communicate data between threads within the same thread
block. Finally, global memory can be accessed by all threads from
all thread blocks, although it is considerably slower than registers
and shared memory.

One common model used to analyze the behavior of a GPU
program is the Roofline Model [27], shown in Figure 1. The Roofline
Model relates the achieved performance of a kernel to its arithmetic
intensity, defined as the ratio between floating-point operations
and bytes transferred from memory.

These different levels of GPU memory should be considered
when implementing kernel fusion. In fused kernels, registers and
shared memory are employed as temporary storage for intermedi-
ate computations, allowing data reuse and reducing unnecessary
accesses to global memory.

2.2 PolyHok
In previous work [6, 10, 11], we presented PolyHok, a DSL embedded
in the Elixir ecosystem. It allows Elixir developers to write low-
level, imperative code that runs on GPU hardware. For this purpose,
PolyHok introduces the idea of higher-order kernels. These are
polymorphic procedures that run entirely on the GPU. The kernels
written in PolyHok, such as the one presented in Listing 1, have

1 require PolyHok

2
3 PolyHok.defmodule Ske do

4 defk map_ker(a1, a2, size, f) do

5 tid = blockIdx.x * blockDim.x + threadIdx.x

6 str = blockDim.x * gridDim.x

7 for i in range(tid, size, str) do

8 a2[i] = f(a1[i])

9 end

10 end

11 end

Listing 1: A GPU kernel for a map skeleton in PolyHok

their types determined at runtime through on-the-fly type inference.
They are also just-in-time (JIT) compiled into back-end code and
are highly configurable through launch parameters such as the
number of threads and blocks.

Additionally, PolyHok adopts several functional programming
features to provide high expressiveness and ease of use, such as
dynamic typing and automatic memory management. Due to its
strong integration with Elixir, PolyHok can take advantage of the
host language’s macro capabilities to implement its core features;
for example, the existing language constructs are defined as Elixir
macros that operate directly on the program’s Abstract Syntax Tree,
avoiding a separate parser usually required by a standalone DSL.

𝑒 ::= 𝑣 (constant)
| id (identifier)
| id[𝑒1, . . . , 𝑒𝑛] (array indexing)
| id(𝑒1, . . . , 𝑒𝑛) (function call)
| 𝑒1 op 𝑒2 (binary operation)

𝑠 ::= id = 𝑒 (assignment)
| id[𝑒] = 𝑒 (array update)
| 𝑒 (expression statement)

𝑏 ::= 𝑠1, . . . , 𝑠𝑚 (statement sequence)

𝑘𝑒𝑟𝑛 ::= defk id(id1, . . . , id𝑛) do 𝑏 end (kernel declaration)

𝑓 𝑢𝑛 ::= phok
(
fn id1, . . . , id𝑛 -> 𝑏 end

)
(anonymous device function)

| defd id(id1, . . . , id𝑛) do 𝑏 end (named device function)

𝑑 ::= 𝑘𝑒𝑟𝑛 | 𝑓 𝑢𝑛 (PolyHok declaration)

𝑚 ::= defmodule id do 𝑑1, . . . , 𝑑𝑛 end (module declaration)

Figure 2: Core PolyHok syntax relevant to this work.

PolyHok adopts a CUDA-like imperative style for kernel code.
It also provides specific constructs for declaring kernels and de-
vice functions. The defk construct defines a GPU kernel, whereas
defd and phok define named and anonymous device functions,
respectively.

Data that resides in the host system must be transferred to de-
vice memory before a GPU kernel can access it. For this purpose,
PolyHok provides the new_gnx function, which converts an Nx ten-
sor into a GPU-resident GNx value that can be passed to kernels.
The data associated with each allocation is managed automatically
and released when the GNx value is garbage-collected. We point
out that the current implementation supports the element types
float32, float64, and i32.
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2.3 GPU Skeletons
We delimit the scope of kernel fusion to data parallel skeletons
that can be composed to express GPU programs. All skeletons have
monomorphic types, meaning that we assume their arguments have
the same type. The current implementation supports the Parallel
Map and the Parallel Reduce skeletons.

2.3.1 Parallel Map. The map pattern is a higher-order parallel pat-
tern that applies a function independently to all elements of an
input tensor. We adopt the Bird-Meertens formalism [5], where map
can be formally defined as follows:

map(𝑓 ) [𝑥1, 𝑥2, . . . , 𝑥𝑛] = [𝑓 𝑥1, 𝑓 𝑥2, . . . , 𝑓 𝑥𝑛]
where 𝑓 is a side-effect-free function applied element-wise to the
input domain. Since each iteration is independent, map skeletons
naturally expose data parallelism that can be explored by the un-
derlying GPU device runtime.

Additionally, higher-arity variants such as map2, map3, and mapN
are internally represented as zip-based skeletons operating over
multiple tensors simultaneously. For example, map2 can be formally
described as follows:

map2(𝑓 , [𝑎1, . . . , 𝑎𝑛], [𝑏1, . . . , 𝑏𝑛]) = [𝑓 (𝑎1, 𝑏1), . . . , 𝑓 (𝑎𝑛, 𝑏𝑛)]

where corresponding elements from multiple tensors are combined
pointwise through the user-defined function 𝑓 . More generally,
mapN extends these semantics to 𝑁 -ary pointwise operations over
tensors with compatible shapes.

PolyHok additionally extends zip semantics to support scalar
broadcasting for literal scalar values. In this model, operands passed
to mapN may be scalar constants instead of tensors. Scalars are
implicitly broadcast across the iteration domain without requiring
explicit tensor materialization by the programmer. For example:

map2(𝑓 , [𝑎1, . . . , 𝑎𝑛], 𝑐) = [𝑓 (𝑎1, 𝑐), . . . , 𝑓 (𝑎𝑛, 𝑐)]

where 𝑐 is treated as an invariant scalar reused across all iterations.
This design avoids allocating replicated scalar tensors in global
memory and eliminates unnecessary memory operations associ-
ated with loading broadcast values from tensor storage. Instead,
literal scalar values can be directly propagated as invariant kernel
parameters or compile-time constants during code generation and
fusion. Similar behavior is found in other programming languages
[15]. In Futhark, scalar expansion is represented through syntactic
sugar such as map (\x -> x + c) xs, where the compiler avoids
materializing replicated tensors and instead fuses map operations
with replicate-like semantics during optimization passes.

2.3.2 Parallel Reduce. The parallel reduce behaves similarly to
the parallel map but performs a reduction operation:

reduce(⊕) [𝑥1, 𝑥2, . . . , 𝑥𝑛] = 𝑥1 ⊕ 𝑥2 ⊕ · · · ⊕ 𝑥𝑛

This operation applies a binary associative function to all elements
of an input tensor, producing a lower-order output tensor. In the
current implementation, the parallel reduce skeleton uses a tree-
based reduction in shared memory [14].

Users can provide the reduction operator as a device function,
that is, a function compiled for execution on the GPU and invoked
from aGPU kernel. PolyHok accepts three forms of device functions:

named functions, anonymous functions, and closures that capture
values from their lexical scope.

2.3.3 Representing Other Parallel Patterns As Compositions
Of Map And Reduce. The combination of these parallel patterns
provides a rich set of abstractions that users can employ to describe
parallel computations. Their well-defined semantics also enable
algebraic program transformations, which can be exploited for
optimizations such as kernel fusion. For instance, two map skeletons
can be composed into a single map:

(map 𝑓 ) ◦ (map 𝑔) ≡ map (𝑓 ◦ 𝑔) .
map and reduce skeletons translate into grid-stride loops, where
each thread processes one or more tensor elements.

2.4 Kernel Fusion
PolyHok follows the skeleton programming model, in which each
skeleton is lowered into a GPU kernel. Kernels are generated dy-
namically at runtime and compiled just in time. Consequently, each
skeleton invocation within a composition is translated into an in-
dependent GPU kernel, fragmenting pipelines of parallel patterns
across multiple kernel launches and compilation units.

Kernel fusion is a widely used optimization technique for GPU
applications that addresses this fragmentation problem by merging
multiple kernels into a single execution unit. The main advantage
of kernel fusion in our context is the reduction of fragmented ex-
ecution caused by producer-consumer compositions of skeletons.
Combining multiple kernels into a single generated kernel can re-
duce the runtime overhead associated with launching successive
kernels while also increasing opportunities for instruction-level
parallelism and improving intra-kernel warp scheduling.

Another important benefit of kernel fusion is the elimination of
intermediate memory accesses between producer-consumer stages.
In many data-parallel applications, consecutive kernels repeatedly
perform a read-compute-write pattern over the same tensor ele-
ments. This optimization is commonly referred to as vertical kernel
fusion, in which the intermediate values produced by one kernel are
directly consumed by the next stage without requiring additional
memory transfers. In PolyHok, this pattern emerges naturally in
compositions of skeletons, making kernel fusion a suitable optimiza-
tion for improving the execution of these pipelines. The next section
discusses the design considerations of the proposed mechanism.

3 Fusion: A Transformation Over Skeleton
Composition

This section presents the proposed fusion mechanism and discusses
the main stages involved in the transformation process.

3.1 A motivating Example For Fusing Skeletons
A typical vector operation in many statistical and machine learning
applications is the computation of the Euclidean distance in a vec-
tor space, expressed as 𝑑 (𝐴, 𝐵) =

√︁∑𝑛
𝑖=1 (𝐴𝑖 − 𝐵𝑖 )2, where 𝐴 and 𝐵

are two one-dimensional vectors of floating-point elements. Using
the skeletons available in PolyHok, a user may break down this
computation into three individual skeletons, as shown in Figure 3a.
This naive implementation makes the code very easy to read and
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(a) Before fusion (b) Fusion request (c) Fused result

Figure 3: Transformation of a skeleton composition into a fused map2Reduce skeleton.

understand and also allows some of the operations to be reused in
other computations, increasing the modularity of the implemen-
tation. However, without fusion, the vectors propagated between
stages must be synchronized through global memory. Since this
application executes only one or two floating-point operations per
data element read, its performance will be limited by the overhead
of memory movement.

Instead of rewriting the computation as a more specialized skele-
ton or writing a specific kernel, users can call a keyword macro that
composes the participating skeletons into a single optimized kernel.
This transformation reduces memory accesses and improves overall
efficiency without sacrificing expressiveness or modularity. In the
following sections, we explain the steps taken by the mechanism
to capture the skeleton pipeline from the user’s program, parse and
validate the code, perform the metaprogramming transformation,
and generate the resulting code.

3.2 Capture of Skeleton Chains
The proposed mechanism is exposed through the Fusion.compose
macro. Programmers use this construct to explicitly delimit a se-
quence of skeleton invocations that should be considered for fusion.
As illustrated in Figure 3b, an existing skeleton pipeline can usually
be adapted by enclosing it in a Fusion.compose block, without
modifying its skeleton definitions or device functions.

Inside the fusion region, producer-consumer dependencies are
expressed through the Elixir pipe operator (|>). The operator for-
wards the result of one skeleton invocation as the first input of the
next invocation. It therefore describes an ordered chain in which
each stage directly consumes the value produced by its predeces-
sor. The first skeleton receives all its inputs explicitly, whereas
subsequent skeletons omit the input supplied through the pipe.

This explicit representation makes the producer-consumer de-
pendencies available directly in the program syntax. Consequently,
the macro can capture the fusion region as a linear sequence of
skeleton calls, without reconstructing dependencies from arbitrary

variable definitions and uses or constructing a general dataflow
graph. Programmers remain responsible for selecting candidate re-
gions, while the fusion module performs the subsequent validation,
transformation, and code generation steps.

3.3 Parsing And Structural Validation Of
Skeleton Chains

The next step starts when the Elixir compiler expands the compose
macro. At this point, the fusion front-end receives an AST contain-
ing the call graph in tuple format; for example, a node in that AST
has the following structure:

{:|>, [],

[

{:|>, [],

[

call(Ske.map2, [a, b, f]),

call(Ske.map, [g])

]},

call(Ske.reduce, [0.0, h])

]}

The parser recursively traverses these nodes and converts them
into an ordered sequence of skeleton stages,

𝐶 = [𝑆1, 𝑆2, . . . , 𝑆𝑛] .

This sequence preserves the order of the original pipeline. The
first stage receives all its inputs explicitly, whereas each subsequent
stage receives the value produced by its predecessor through the
pipe operator. Since this producer-consumer dependency is en-
coded in the syntax, the front-end can recover the dataflow as a
linear sequence without reconstructing dependencies from arbi-
trary variable definitions and uses or building a dataflow graph.

Each stage in 𝐶 is represented by an AstCall structure that
stores the skeleton operator, the AST of its device function, its
explicit inputs, and metadata required by the subsequent fusion
passes. A simplified version of this representation is shown below:
1 defstruct [

2 :ske,

3 :kernel_ast,

4 explicit_inputs: [],
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5 initial_ast: nil,

6 piped_input?: false,

7 stage_kind: :map,

8 terminal?: false,

9 output_kind: :tensor

10 ]

Listing 2: Internal representation of a skeleton stage.
This representation distinguishes inputs written explicitly in a

skeleton call from the input supplied by the preceding pipe stage. It
also records reduction initial values and whether a stage produces a
tensor or a scalar. The parser currently recognizes map, map2, map3,
map4, and reduce, and it converts their different standalone and
piped call forms into the same stage-level representation.

After parsing, the front-end performs structural validation over
the ordered sequence. The first stage must use a standalone call
form, subsequent stages must use their piped forms, and the number
of explicit inputs must match the arity expected by each skeleton.
The validation also rejects unsupported skeletons, malformed calls,
multiple reductions, and reductions that do not occur at the end of
the chain. This phase does not analyze tensor dimensions, aliasing,
side effects, or algebraic properties of reduction operators.

3.4 Fusion Of Skeleton Pipelines
We model fusion as a sequence of local transformations over an
ordered producer-consumer chain. Let 𝐴1, . . . , 𝐴𝑘 be tensors of
equal length 𝑛. A 𝑘-ary map skeleton is defined as

map𝑘 (𝑓 ;𝐴1, . . . , 𝐴𝑘 ) =
[
𝑓 (𝑎1,𝑖 , . . . , 𝑎𝑘,𝑖 ) | 1 ≤ 𝑖 ≤ 𝑛

]
.

The simplest fusion case consists of two unary maps. Given
an input tensor 𝐴, the first stage applies 𝑓 to each element and
produces an intermediate tensor that is subsequently consumed
by map(𝑔). Since both operations are pointwise, the intermediate
tensor can be eliminated by composing their functions:

fuse
(
map1 (𝑔) ◦map1 (𝑓 )

)
(𝐴) =map1 (𝑔 ◦ 𝑓 ;𝐴),

where

(𝑔 ◦ 𝑓 ) (𝑥) = 𝑔(𝑓 (𝑥)).
For an input 𝐴 = [𝑎1, . . . , 𝑎𝑛], both sides produce

[𝑔(𝑓 (𝑎1)), . . . , 𝑔(𝑓 (𝑎𝑛))] .
The equality therefore follows from the pointwise semantics

of map. The unfused composition materializes [𝑓 (𝑎1), . . . , 𝑓 (𝑎𝑛)]
between the two stages, whereas the fused form computes 𝑔(𝑓 (𝑎𝑖 ))
directly for each element.

The same transformation applies when a consumer receives
additional tensor or scalar inputs. Let ®𝐴 denote the inputs of a
producer map𝑝 (𝑓 ), and let ®𝐵 denote the additional explicit inputs
of a consumer map𝑞+1 (𝑔). The producer output occupies the first
logical input of the consumer. The local fusion rule is

map𝑞+1
(
𝑔; map𝑝 (𝑓 ; ®𝐴), ®𝐵

)
⇒𝐹 map𝑝+𝑞

(
ℎ; ®𝐴, ®𝐵

)
,

where the fused function ℎ is defined by

ℎ( ®𝑎, ®𝑏) = 𝑔(𝑓 ( ®𝑎), ®𝑏).

For example,

map2
(
𝑔; map1 (𝑓 ;𝐴), 𝐵

)
⇒𝐹 map2 (ℎ;𝐴, 𝐵),

with

ℎ(𝑎, 𝑏) = 𝑔(𝑓 (𝑎), 𝑏) .
This rule corresponds directly to a pipeline such as
Ske.map(A, f)

|> Ske.map2(B, g)

because the value produced by the first stage becomes the first
logical input of the second stage. A chain of map-like skeletons is
fused by repeatedly applying this local rule. Consider a pipeline

𝐶 = 𝑆1 | > 𝑆2 | > · · · | > 𝑆𝑚,

where every 𝑆 𝑗 is a map-like skeleton. Let ®𝑋1 denote all explicit
inputs of the first stage and let ®𝑋 𝑗 , for 𝑗 > 1, denote the addi-
tional explicit inputs of stage 𝑗 . The composed pointwise function
is defined recursively as

𝐹1 ( ®𝑥1) = 𝑓1 ( ®𝑥1),
and

𝐹 𝑗 ( ®𝑥1, . . . , ®𝑥 𝑗 ) = 𝑓𝑗
(
𝐹 𝑗−1 ( ®𝑥1, . . . , ®𝑥 𝑗−1), ®𝑥 𝑗

)
, 2 ≤ 𝑗 ≤𝑚.

Fusion then rewrites the complete chain as

fuse(𝐶) =map𝑟
(
𝐹𝑚 ; ®𝑋1, . . . , ®𝑋𝑚

)
,

where 𝑟 is the number of external inputs referenced by the origi-
nal pipeline. Repeated external inputs may be represented by the
same parameter in the generated skeleton. This recursive defini-
tion makes the transformation reproducible: each stage function
receives the expression generated by its predecessor as its first
logical argument, together with its remaining explicit inputs.

3.4.1 Composition Of Reduce Skeletons. Pipelines ending in a re-
duction are handled as a terminal case. Let ⊕ be an associative
binary operator with identity element 𝑒 . The reduction of a tensor
𝐴 = [𝑎1, . . . , 𝑎𝑛] is defined as

reduce𝑒⊕ (𝐴) = 𝑒 ⊕ 𝑎1 ⊕ · · · ⊕ 𝑎𝑛 .

After the preceding map stages have been composed into a func-
tion 𝐹 , a map-reduce pipeline is transformed according to

reduce𝑒⊕
(
map𝑟 (𝐹 ; ®𝐴)

)
⇒𝐹 mapReduce𝑟

(
𝐹, ⊕, 𝑒 ; ®𝐴

)
.

The semantics of the resulting skeleton is

mapReduce𝑟 (𝐹, ⊕, 𝑒 ;𝐴1, . . . , 𝐴𝑟 ) = 𝑒 ⊕
𝑛⊕
𝑖=1

𝐹 (𝑎1,𝑖 , . . . , 𝑎𝑟,𝑖 ).

Unlike the functions of consecutive map stages, the reduction
function is not incorporated into the pointwise mapping function.
Instead, the composed function 𝐹 produces values consumed by the
reduction stage, without materializing the mapped tensor in global
memory. A reduction is therefore terminal, and a fusible chain may
contain at most one reduction as its final stage.
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3.4.2 Discussion. The transformation can also be interpreted as a
restricted producer-consumer graph reduction. Each skeleton is a
node, and each piped value defines an edge from a producer to its
consumer. Since the accepted pipelines are linear, every intermedi-
ate result has a single consumer. Fusion contracts these edges by
replacing the consumer’s piped parameter with the producer ex-
pression. The process terminates when the chain has been reduced
to one mapN skeleton or one terminal mapNReduce skeleton.

These equivalences require tensors with compatible iteration
domains and pointwise device functions without observable side
effects. Map-reduce fusion additionally requires an associative re-
duction operator and a valid identity element. The current model
does not prove tensor compatibility, absence of aliasing, device-
function purity, or fusion profitability. These properties are assumed
or handled by the existing PolyHok runtime.

3.5 Code Generation
Once a valid fusion pattern has been identified, the back-end con-
structs a fused skeleton through a source-to-source transformation.
The transformation traverses the sequence of skeleton stages in
producer-consumer order and incrementally builds a new device
function corresponding to the composition of the original stage
functions. Figure 3c illustrates the resulting fused code for the
Euclidean-distance pipeline.

The generation process applies four main transformations:

• Function composition: the result produced by each stage
is propagated as the piped input of the subsequent stage.

• Parameter lifting: external tensor and scalar inputs refer-
enced by the stages are added to the parameter list of the
resulting skeleton.

• Function inlining: the bodies of the original device func-
tions are inserted into the generated function in producer-
consumer order.

• Intermediate renaming: stage-specific names are assigned
to intermediate and local values, providing SSA-like name
uniqueness without constructing SSA form or a control-flow
graph.

Because type inference and back-end compilation operate on the
expanded AST, some errors may reference generated names. The
current prototype reports structural errors on the original pipeline,
but full source-level remapping of later diagnostics remains future
work.

3.6 Fusion Constraints and Extension
Opportunities

Our current implementation operates only on elements of one-
dimensional tensors. Support for matrix operations and other skele-
tons could be added by extending the fusion module, especially
its ad hoc intermediate representation and validation phase. The
representation could record the computational class of each skele-
ton, such as pointwise, stencil, reduction, or matrix-tiling, together
with the properties required by that class. Matrix computations
could use specialized skeletons that iterate over two dimensions,
or future work could investigate nested parallelism, allowing one
skeleton to invoke another.

To support skeletons with different computation patterns, val-
idation could be organized as a collection of rewrite rules, with
each rule specifying the conditions under which a transformation
is valid and how the corresponding skeletons should be composed.

Another limitation not addressed in this paper is the restriction
to linear producer-consumer chains expressed through |>. A future
extension could accept restricted blocks with skeleton calls and
variable bindings, allowing intermediate results to be reused by
non-adjacent stages. Such computations could be represented as
dataflow graphs composed of single-output skeleton nodes and
analyzed using T2-style graph-reduction techniques [16].

The current implementation does not estimate profitability from
register or memory pressure. Register use is difficult to predict from
the AST because it depends on CUDA back-end optimizations and
the target GPU. A future version could use simple front-end heuris-
tics, then inspect compiled-kernel attributes to estimate resource
usage and occupancy.

4 Experimental Evaluation
This section presents an experimental evaluation using one syn-
thetic benchmark and four application-level benchmarks. The syn-
thetic benchmark isolates the effect of vertical fusion in a controlled
producer-consumer pipeline, while the application benchmarks
assess its behavior in more realistic workloads with different com-
putational and memory access patterns.

4.1 Experimental Methodology
The experiments were conducted on a dedicated system equipped
with an NVIDIA RTX 4060 8GB GPU and running the Linux kernel
6.18, CUDA Toolkit 13.1, and Elixir 1.16. During the experiments,
the machine was reserved exclusively for benchmarking, and unnec-
essary background services were disabled to reduce measurement
interference.

For each experiment, we performed 30 independent runs, alter-
nating between the versions being compared. For the map-based
experiments, we report performance in terms of GFLOPs and mem-
ory bandwidth (GB/s). For the application benchmarks, we report
the average execution time in milliseconds, including data trans-
fers between host and device as well as kernel execution time. To
support further analysis, we instrumented the PolyHok back-end
to emit the generated CUDA kernels as text files, enabling inspection
of the generated code and profiling with CUDA tools. Our primary
comparison is between PolyHok applications implemented with
fusion and those implemented without fusion. For the application
benchmarks, we evaluated three input sizes for each application.
Experimental artifacts, including benchmark scripts, raw measure-
ments, and generated CUDA files, are available in a public repository,
as described in the Artifact Availability section.

4.2 Experimental Results
The evaluation first isolates the effects of fusion in synthetic exper-
iments and then assesses its behavior in application-level bench-
marks.

4.2.1 Number Of Vertically Fused Parallel Map Operations.
As a first experiment, we evaluated the impact of increasing the



User-Directed GPU Kernel Fusion SBLP 2026, September 8–11, 2026, São Paulo, SP, Brazil

Table 1: Results from increasing the number of vertically
fused map skeletons

# Maps unfused fused Speedup

GFLOP/s GB/s GFLOP/s GB/s

2 0.28 2.07 0.48 1.93 1.82x
3 0.26 2.04 0.67 1.81 2.60x
5 0.27 2.16 1.10 1.76 4.09x
10 0.29 2.34 2.20 1.76 7.52x
15 0.30 2.35 3.27 1.74 11.23x
20 0.32 2.54 4.19 1.68 14.19x

number of fused map stages. We constructed synthetic producer-
consumer pipelines containing between two and twenty consec-
utive map skeletons. The input size was the same for every run:
100 million floating-point elements. Each stage performs a simple
arithmetic operation, allowing the experiment to isolate the effects
of intermediate tensor elimination from application-specific behav-
ior. The objective is to evaluate how the benefits of fusion scale
as longer producer-consumer chains are combined into a single
kernel.

Table 1 summarizes the results. The speedup increases consis-
tently with the number of fused stages, ranging from 1.82× for two
map operations to 14.19× for twenty map operations. This trend is
expected because each additional fused stage eliminates an extra
intermediate tensor and the corresponding global-memory reads
and writes. Consequently, the amount of memory traffic avoided
by fusion grows proportionally with the length of the producer-
consumer chain. The generated CUDA code was inspected to confirm
that the fused versions do not allocate intermediate tensors between
producer-consumer stages and that intermediate values are propa-
gated as local expressions inside the generated kernel.

To better understand these results, we analyzed the generated
CUDA kernels using NVIDIA Nsight Compute. Contrary to a com-
mon concern regarding kernel fusion, the larger fused kernels did
not increase register pressure. In fact, the number of registers per
thread decreased from 32 to 29, while the achieved occupancy in-
creased from 93.10% to 97.78%. These results indicate that the fusion
process did not introduce resource constraints capable of reducing
GPU residency. One possible explanation is that the CUDA com-
piler was able to perform additional optimizations over the larger
composed functions, such as replacing arithmetic sequences with
fused multiply-add instructions (FMADD), reducing the number of
temporary values required during execution.

The profiling results also confirm the expected shift from a
memory-bound execution profile toward a more compute-oriented
one. The unfused version reaches 16.47% of peak DRAM throughput,
whereas the fused kernel requires only 2.56%. At the same time, SM
throughput increases from 28.0% to 57.32%. These observations are
consistent with the Roofline discussion presented in Section 2: by
eliminating intermediate memory transfers, fusion reduces pressure
on the memory subsystem and allows a larger fraction of execution
time to be spent performing useful computation.

Table 2: Results of Applying Kernel Fusion (Values are re-
ported in milliseconds)

Benchmark Input Size Unfused Fused Speedup

N-Body
2.5 × 105 1829.0 1760.0 1.02
5.0 × 105 6802 6746.0 1.01
1.0 × 106 27192.5 26952.2 1.00

Nearest Neighbor
1.0 × 108 283.3 250.1 1.13
2.0 × 108 437.7 398.5 1.09
4.0 × 108 751.3 730.4 1.03

Portfolio Pricing
1.0 × 107 39.1 23.2 1.71
2.0 × 107 45.7 25.3 1.81
4.0 × 107 63.4 34.5 1.84

Numeric Integration
1.0 × 106 92.0 40.0 2.32
2.0 × 106 107.4 50.1 2.14
4.0 × 106 90.5 42.2 2.13

4.2.2 Impact Of Data Types On Fusion Benefits. This exper-
iment evaluates whether arrays with different element types can
affect the effectiveness of kernel fusion. We evaluated a synthetic
pipeline composed of three consecutive map operations, map(input,
mult) |> map(divf) |> map(sub), using an input tensor con-
taining 100 million elements. Three different data types were con-
sidered: f32 (single-precision floating-point), f64 (double-precision
floating-point), and s32 (32-bit integer).

The experimental results showed that the integer version achieved
a speedup of approximately 1.30× after fusion, while the f32 version
achieved a similar speedup of 1.28×. In contrast, the f64 version
achieved a smaller speedup of only 1.17×. One possible explanation
is that the s32 and f32 versions are predominantly memory-bound,
meaning that a significant fraction of execution time is spent trans-
ferring intermediate arrays through global memory. Since kernel
fusion eliminates these intermediate reads and writes, the impact
on performance is more pronounced. For the f64 version, however,
the computational cost of arithmetic instructions becomes more
relevant due to the lower double-precision throughput typically
available on consumer GPUs. As a result, the workload becomes
relatively less memory-bound and more compute-bound, reducing
the relative benefit obtained from eliminating global-memory traf-
fic through fusion. These results indicate that the benefit of fusion
is more pronounced when intermediate memory traffic dominates
execution time.

4.2.3 Application-Level Evaluation. We implemented four ap-
plications and optimized them using the proposed fusion mod-
ule. These benchmarks exercise different fusion scenarios, includ-
ing map-map pipelines, map-reduce compositions, and applications
with limited fusible regions. Table 2 summarizes the main statistics
obtained from the experiments.

N-Body simulation: This benchmark computes the Newtonian
gravitational interaction among a set of bodies in three-dimensional
space. The implementation consists of three kernels. The first ker-
nel computes the force exerted on each body by all other bodies,
while the remaining two kernels update acceleration, velocity, and
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position through pointwise operations implemented as map2 skele-
tons. Fusion was applied only to the latter two stages, resulting in
a fused map3 skeleton.

As shown in Table 2, fusion yielded only marginal improve-
ments, with speedups ranging from 1.00× to 1.02×. Profiling re-
vealed that approximately 80% of the execution time was spent in
the force-computation kernel, which cannot be fused under the
current model. Consequently, the optimizable portion of the ap-
plication represented only a small fraction of the execution time.
This result highlights an important limitation of kernel fusion:
applications dominated by compute-bound kernels with little inter-
mediate memory traffic offer limited opportunities for performance
improvement.

Nearest Neighbor: This benchmark was adapted from the Ro-
dinia benchmark suite [9]. The implementation consists of a pro-
ducer consumer composition between a map skeleton, which com-
putes Euclidean distances from each record to a target position, and
a reduce skeleton, which selects the minimum distance.

Fusion yielded speedups between 1.03× and 1.13×, with larger
gains observed for smaller inputs. Although the application is
memory-bound, the resulting fused kernel inherits conflicting exe-
cution requirements from the map and reduction stages. The map
operation benefits from a large number of thread blocks to maxi-
mize parallelism, whereas the reduction stage becomes increasingly
sensitive to synchronization and atomic update overheads as the
number of blocks increases. Consequently, a single fused configu-
ration cannot simultaneously optimize both stages, reducing the
overall gains obtained through fusion.

Portfolio Pricing: This benchmark was adapted from [4] and
implements a portfolio valuation workflow based on the Black-
Scholes model [22]. The application is composed of three consecu-
tive map skeletons that compute the fair value of each option, apply
portfolio weights, and compute the contribution of each asset.

Fusion combined the three stages into a single kernel, achieving
speedups ranging from 1.71× to 1.84×. Since all stages perform rel-
atively simple arithmetic operations over large tensors, the unfused
implementation spent a considerable fraction of its execution time
transferring intermediate results through global memory. Eliminat-
ing two intermediate tensors significantly reduced memory traffic,
explaining the substantial performance improvements observed
across all input sizes.

Numeric Integration: This benchmark was adapted from [23]
and computes definite integrals using Simpson’s 1/3 rule. Following
the structure described in the original work, the implementation
consists of five kernels organized as a producer-consumer pipeline.

Fusion reduced the pipeline from five kernels to two, eliminating
three intermediate tensors. As shown in Table 2, this benchmark
achieved the highest speedups, between 2.13× and 2.32×. The result
is consistent with the synthetic experiments presented previously:
longer producer-consumer chains provide more opportunities to
eliminate intermediate memory transfers. Consequently, the bene-
fits of fusion become more pronounced as the number of removable
intermediate stages increases.

5 Related Work
In the literature, several works have investigated the benefits of ker-
nel fusion for GPU applications. Early studies such as [12] and [13]
explored fusion in the CUDA programming model, demonstrating
performance improvements by reducing intermediate accesses to
global memory and lowering kernel launch overhead. Similarly, [26]
evaluated the impact of kernel fusion on the energy consumption
of GPU applications. While these studies demonstrate the benefits
of fusion, they primarily focus on manually optimized CUDA kernels
rather than high-level programming abstractions.

Kernel fusion is also adopted by many domain-specific languages
and parallel programming frameworks. Accelerate [8], Futhark
[15], and Triton [25] provide mechanisms for combining compu-
tations and eliminating intermediate arrays. In particular, Futhark
employs uniqueness types and a rich fusion algebra to enable aggres-
sive compiler-driven optimizations over compositions of parallel
patterns. These systems typically rely on static analyses and com-
piler transformations to identify fusion opportunities automatically.
In contrast, our work exposes fusion as an explicit programming
abstraction and performs transformations through metaprogram-
ming at the application level, without requiring modifications to
the compiler infrastructure.

Several compiler-oriented approaches have also investigated au-
tomatic fusion strategies for heterogeneous systems. Works such
as [21, 24, 28] use static program analyses to identify fusion oppor-
tunities and generate optimized kernels. These approaches assume
that sufficient information is available during compilation and that
the compiler has visibility over the program structure. Our work
addresses a different setting, namely a dynamically generated GPU
programming environment in which kernel compositions are avail-
able only at runtime and are transformed through metaprogram-
ming.

The work of Amoros et al. [3] is related to ours because it also
exploits metaprogramming techniques to construct fused GPU ker-
nels. However, their approach focuses on composing iterative GPU
library operations using C++ template metaprogramming, whereas
our work exploits the semantics of parallel skeletons to compose
producer-consumer pipelines expressed in a high-level DSL. Addi-
tionally, [18] investigates horizontal kernel fusion, while our work
focuses exclusively on vertical fusion over skeleton compositions.

6 Conclusion And Future Work
In this work, we studied the feasibility of fusing kernels written
in the PolyHok DSL using metaprogramming techniques. We pre-
sented a user-directed fusion mechanism capable of composing
parallel skeletons and transforming them into fused GPU kernels
through source-to-source rewriting.

A key characteristic of the proposed approach is its low-intrusion
design. Fusion is exposed through a reusable macro abstraction that
can be selectively applied by programmers with virtually no lan-
guage changes. Therefore, it can be incrementally introduced into
existing applications while preserving the original programming
model offered by the DSL.

Experimental results demonstrated that the proposed transfor-
mation can effectively reduce memory traffic and improve perfor-
mance in the benchmarks tested. The largest gains were observed
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in applications composed of long producer-consumer pipelines, in
which the elimination of intermediate tensors resulted in substan-
tial speedups.

Future work will explore several extensions of the current proto-
type. First, we intend to investigate horizontal kernel fusion tech-
niques capable of combining independent kernels to improve re-
source utilization and occupancy. We also plan to evaluate CUDA
Graphs as an alternative mechanism for reducing kernel launch
overhead and compare their effectiveness with the proposed fusion
strategy. Another promising direction is the development of per-
formance prediction models capable of estimating the profitability
of fusion before applying the transformation. Finally, we intend to
extend the fusion algebra with additional skeletons and evaluate
the proposed approach on larger GPU applications.

Artifact Availability
The research artifacts, including the source code of the implemented
module and the scripts used in the experiments, are publicly avail-
able at https://github.com/JoaoNevesSoares/PolyHok.
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