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Abstract
This paper presents Orchestra, a set of abstractions embedded in
the Elixir language for defining parallel kernels that can be eas-
ily executed on CPUs and GPUs. This execution model enables
heterogeneous cooperative programming, where different proces-
sors (the CPU and GPU) work together to solve a computational
problem. Building upon the PolyHok DSL, Orchestra’s kernels are
polymorphic and higher-order, enabling the construction of par-
allel abstractions such as algorithmic skeletons that can execute
across different devices. Orchestra is compatible with the Elixir Nx
tensor library and combines low-level control over computation
with high-level facilities, such as dynamic typing, garbage-collected
CPU and GPU memory, and simplified host-device data transfers.
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1 Introduction
In recent years, Graphics Processing Units (GPUs) have been widely
adopted to accelerate compute-intensive applications due to their
massively parallel architectures, facilitated by GPGPU (General-
Purpose computing on Graphics Processing Units) APIs [7, 28].
However, most heterogeneous applications rely exclusively on the
GPU for acceleration, while the Central Processing Unit (CPU)
either remains idle or executes tasks unrelated to the core compu-
tation [21]. This approach leads to suboptimal resource utilization,
ignoring potential performance gains that could be achieved by
exploiting the architectural strengths of each processor in a coop-
erative way.

Unfortunately, developing applications that leverage cooperative
heterogeneous parallelism is not a trivial task. While cross-platform
frameworks like OpenCL exist, the landscape is heavily fragmented
by vendor-specific or architecture-specific tools, such as CUDA for
NVIDIA GPUs, HIP for AMD GPUs, and Pthreads or OpenMP for
CPUs [25]. Consequently, programmers often resort to using mul-
tiple APIs to achieve CPU-GPU cooperation [13]. This introduces
severe maintainability challenges, as these low-level C/C++ based
APIs require manual memory management, explicit inter-device
data transfers, intricate thread synchronization, and substantial
boilerplate code. Mixing different APIs with distinct programming
mechanisms and paradigms further exacerbates this software engi-
neering complexity.

Functional programming offers a natural foundation for reusable
parallel abstractions, since computations can be expressed through
higher-order operators such as map, reduce, and scan [12]. How-
ever, in heterogeneous programming, these abstractions are often
lost when programmers must descend to low-level APIs and device-
specific kernels [5]. As a result, the benefits of functional compo-
sition and code reuse rarely carry over to cooperative CPU-GPU
programming.

The lack of higher-level abstractions, the inherent complexity of
low-level systems programming, and the tight coupling between
coordination code (responsible for device initialization, memory al-
location, and kernel dispatching) and computation code (the actual
parallel logic) makes CPU-GPU cooperation notoriously difficult. To
address these challenges, this paper presents Orchestra, a set of ab-
stractions embedded in the Elixir functional language for the design
and coordination of heterogeneous computations. Orchestra ab-
stracts the underlying API complexities while providing high-level
features inherited from the PolyHok DSL [10], such as higher-order
kernels, garbage-collected device memory, and dynamic typing.

In Orchestra, programmers can define device functions or anony-
mous functions to be passed as arguments to a kernel. This allows
the creation of reusable algorithmic skeletons (such as map, reduce,
and scan) that can be dispatched to either the CPU or GPU at run-
time without code duplication. Additionally, Orchestra also allows
for dynamic workload distribution, enabling the execution con-
text to switch seamlessly between processors based on real-time
application load, as demonstrated in Section 5.2.

This paper presents the following contributions:
• We present Orchestra, an Elixir-embedded set of abstractions
for heterogeneous parallel orchestration. Orchestra extends
the PolyHokDSL [10] – that provides the foundation for GNx
device memory and kernel syntax –with orchestrationmech-
anisms that allow programmers to seamlessly launch kernels
on different execution targets. Because kernels defined in
Orchestra are device-independent, they allow the creation
of universal algorithmic abstractions, such as skeletons. The
current implementation and architecture of Orchestra are
detailed in Section 4.

• We evaluate the effectiveness of Orchestra’s CPU parallel
execution through a set of linear algebra benchmarks imple-
mented using composable algorithmic skeletons. By com-
paring Orchestra against the Numerical Elixir (Nx) tensor
library, we demonstrate that Orchestra’s higher-order ker-
nels and zero-copy tensor infrastructure can substantially
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reduce runtime overheads associated with immutable tensor
representations, achieving significant speedups on compute-
intensive workloads.

• We present a case study of dynamic heterogeneous orchestra-
tion using a Breadth-First Search (BFS) benchmark adapted
from the Chai benchmark suite [14]. The study evaluates Or-
chestra’s ability to transparently coordinate CPU and GPU
execution based on runtime workload characteristics. The
results show that cooperative execution can yield statisti-
cally significant performance improvements over GPU-only
execution when communication costs are low.

The source code for Orchestra and all experiments presented in
this paper are publicly available in a GitHub repository1. The re-
mainder of this paper is organized as follows: Section 2 provides the
necessary background concepts; Sections 3 and 4 detail Orchestra’s
programming abstractions and implementation; Section 5 presents
the experimental evaluation; Section 6 discusses related work; and
Section 7 outlines conclusions and future work.

2 Background
2.1 Elixir and Metaprogramming
Elixir is a dynamic functional programming language compiled and
executed on the Erlang Virtual Machine (BEAM), an environment
known for low-latency, highly concurrent, and fault-tolerant sys-
tems [11]. The most relevant feature of Elixir for Orchestra is its
metaprogramming support throughmacros. Macros receive as argu-
ment the Abstract Syntax Tree (AST) generated by the Elixir parser
at compile time and output a newly transformed AST. This capa-
bility is heavily exploited by Orchestra and other Elixir-embedded
DSLs to implement custom syntax and high-level abstractions with-
out modifying the compiler [8–10].

Another critical feature of Elixir is its ability to interface with
external Native Implemented Functions (NIFs). These are functions
implemented in lower-level compiled languages (such as C, C++, or
Rust) that utilize Erlang’s development headers. NIFs allow Elixir
to bypass the virtual machine for highly specific, performance-
critical, or hardware-level tasks. Orchestra heavily relies on this
interoperability to manage device memory and dispatch execution
kernels, as detailed in Section 4.

2.2 PolyHok
PolyHok is a DSL embedded in the Elixir language designed to
facilitate GPGPU computing [10]. PolyHok enables the implemen-
tation of polymorphic higher-order GPU kernels, allowing them to
accept device functions – including anonymous device functions
– as arguments when they are launched. It also brings high-level
facilities, such as dynamic typed kernels, garbage-collected memory
and integration with the Nx (Numerical Elixir) library.

By treating device functions as first-class values, PolyHok en-
ables programmers to implement high-level abstractions typically
associated with functional programming, such as composable al-
gorithmic skeletons (e.g., map and reduce) and also array compre-
hensions. Listing 1 illustrates a map kernel implemented using the
PolyHok DSL.

1https://github.com/Equiel-1703/orchestra

Listing 1: Map kernel implementation using PolyHok
1 require PolyHok
2
3 PolyHok.defmodule PMap do
4 defk map_ker(a1,a2,size ,f) do
5 index = get_global_id (0)
6 stride = get_global_size (0)
7
8 for i in range(index ,size ,stride) do
9 a2[i] = f(a1[i])
10 end
11 end
12 end

As seen in Listing 1, the PMap module defines a GPU kernel
named map_ker using the defk keyword. The kernel computes the
global thread index and the total grid stride using the standard
built-in OpenCL functions get_global_id and get_global_size.
A for loop is used to iterate over the array using a grid-stride
loop. This ensures all elements are processed even if the array size
exceeds the total number of launched threads. Inside the loop, the
higher-order capability of the kernels is demonstrated: the kernel
applies the function f (which was passed as an argument), to each
element of the input array a1, storing the result in-place at the
same index in array a2.

PolyHokwas primarily designed for GPGPUprogramming. There-
fore, its kernels can only be dispatched to the GPU. Orchestra ex-
tends this foundation by adding CPU execution capabilities and
orchestration abstractions, transforming PolyHok’s GPU-only par-
adigm into a fully cooperative heterogeneous environment.

2.3 Cooperative Heterogeneous Programming
Cooperative heterogeneous systems are computing environments
that combine multiple distinct processor architectures (most com-
monly, CPUs and GPUs) to solve a single computational prob-
lem [17]. Each architecture is optimized for fundamentally differ-
ent workloads and tasks. For instance, CPUs excel at sequential
tasks and pointer chasing, while GPUs are engineered for high-
throughput, massively parallel computations [26]. Cooperative
heterogeneous programming seeks to leverage both processors
simultaneously, dynamically routing computational tasks to the
architecture best suited to execute them.

However, achieving true cooperation introduces significant chal-
lenges. On the software side, orchestration is notoriously complex
because it usually requires dealing with different APIs and pro-
gramming models [3, 18]. A developer might have to write and
synchronize OpenMP threads for the CPU alongside OpenCL or
CUDA kernels for the GPU. This forces the programmer to manu-
ally manage workload partitioning, inter-device synchronization,
and memory consistency across entirely different programming
paradigms. The lack of unified, high-level abstractions for heteroge-
neous cooperation is the primary barrier preventing the widespread
adoption of this technique.

3 Orchestra
In this section, we present the main abstractions and features pro-
vided by Orchestra. We start by introducing the with primitive and
execution contexts in Section 3.1. Then, we present device-agnostic

https://github.com/Equiel-1703/orchestra
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algorithmic skeletons, a new abstraction enabled by Orchestra, in
Section 3.2.

3.1 Kernel Orchestrations
The main contribution of this paper is the orchestration abstrac-
tions introduced by Orchestra. To allow the programmer to seam-
lessly invoke kernels on the GPU or CPU, Orchestra offers the with
primitive. This primitive defines an execution context for all Or-
chestra functions enclosed within its scope, automatically routing
instructions to the device specified by the context2. To exemplify
the usage of this primitive, Listing 2 demonstrates how the map
skeleton presented in Listing 1 can be spawned on the GPU using
the Orchestra.gpu() context.

Listing 2: Spawning the map kernel in the GPU
1 # Creates an array in the CPU memory with 1024 integers
2 arr_int = Orchestra.tensor(Enum.to_list (1..1024) , :s32)
3
4 cpu_res =
5 # Create an Orchestra GPU context
6 Orchestra.with Orchestra.gpu() do
7 # Copy the integer array to the GPU memory
8 arr_int_gnx = Orchestra.new_gnx(arr_int)
9 # Creates an empty GPU array to hold the result
10 arr_result_gnx = Orchestra.new_gnx ({1024} , :s32)
11
12 # Spawn kernel
13 Orchestra.spawn(
14 &PMap.map_ker/4,
15 {8,1,1},
16 {128,1,1},
17 [
18 arr_int_gnx ,
19 arr_result_gnx ,
20 1024,
21 Orchestra.hok fn x -> x + 1 end
22 ])
23
24 # Get result back to the CPU memory
25 arr_result_cpu = Orchestra.get_gnx(
26 arr_result_gnx
27 )
28 end

As seen in Listing 2, the execution starts by creating a host-
side tensor with 1,024 integers using the Orchestra.tensor func-
tion (line 2). This function was introduced by Orchestra and re-
turns a tensor fully compatible with the Numerical Elixir (Nx)
library. The architectural reason CPU tensors are allocated via
Orchestra.tensor rather than the traditional Nx.tensor routine
involves the use of Shared Virtual Memory (SVM), which is detailed
later in Section 4.2. Inside the GPU context (defined in line 6), this
tensor data is transferred to the device using Orchestra.new_gnx
(line 8), which allocates a GNx (GPU Nx) tensor in the GPUmemory.
The GNx abstraction is directly inherited from PolyHok, and simply
represents an Nx tensor living in the GPU memory. In line 10, an
empty GNx is created to store the map result.

To invoke the map kernel itself, the Orchestra.spawn function is
utilized (line 13). The user must provide the target kernel reference,
a tuple defining the grid dimensions, another tuple for the block
2In Orchestra, a context simply represents the target device on which kernels will
be executed. Currently, the available execution contexts are Orchestra.gpu() and
Orchestra.cpu().

dimensions, and a list containing the arguments to be passed to
the kernel in the exact order of their declaration. Notably, the final
argument passed is an anonymous device function created with the
Orchestra.hok primitive (line 21). This primitive, also inherited
from PolyHok, dynamically compiles the Elixir anonymous function
provided into device code at runtime. In this example, it defines
the scalar operation (x + 1) to be applied by the map skeleton to
every element. Finally, in line 25, the result from the map kernel
execution is transferred back to the CPU as an Nx tensor using
Orchestra.get_gnx.

If the user wishes to execute the kernel on the CPU instead,
the execution context can be simply changed to Orchestra.cpu().
This illustrates the symmetric design of Orchestra’s API: the same
map kernel can be dispatched to either the GPU or the CPU by
changing the execution context and allocating the input and output
tensors in the appropriate memory space, as shown in Listing 3.

Listing 3: Spawning the map kernel in the CPU
1 # Creates an array in the CPU memory with 1024 integers
2 arr_int = Orchestra.tensor(Enum.to_list (1..1024) , :s32)
3 # Creates an empty tensor to hold the result
4 cpu_res = Orchestra.tensor ({1024} , :s32)
5
6 # Create an Orchestra CPU context
7 Orchestra.with Orchestra.cpu() do
8 # Spawn kernel
9 Orchestra.spawn(
10 &PMap.map_ker/4,
11 {1024} , # Total number of work -items
12 {0}, # OpenCL -decided block size
13 [
14 arr_int ,
15 cpu_res ,
16 1024,
17 Orchestra.hok fn x -> x + 1 end
18 ])
19 end

Listing 3 highlights the device-agnostic nature of the higher-
order kernels defined in Orchestra. The exact same map_ker defini-
tion is reused without any modifications. The primary differences
lie in the execution context (Orchestra.cpu()) and the memory
arguments: the CPU tensors (arr_int and cpu_res) can be passed
directly to the kernel as arguments, without the need for new_gnx al-
locations. This is possible because the host CPU can directly access
the underlying memory of the tensors, making the GNx abstraction
unnecessary for CPU execution.

Furthermore, the launch dimensions provided to spawn in the
CPU dispatch are explicitly adapted to the target hardware architec-
ture. While the GPU implementation utilizes a smaller grid with 128
threads per block, the CPU implementation dispatches a configura-
tion invoking 1,024 global work-items (the {1024} tuple), allowing
the underlying OpenCL runtime to automatically determine the
optimal work-group size (denoted by the special {0} tuple).

3.2 Device-Agnostic Algorithmic Skeletons
The execution context abstraction provided by Orchestra enables
programmers to build reusable, device-agnostic higher-order al-
gorithmic skeletons. Because the execution context is specified
independently of the skeleton implementation, these abstractions
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can be freely composed and orchestrated across heterogeneous
devices. Listing 4 demonstrates this capability with a Dot Product
implementation in which the map skeleton is executed on the GPU
while the reduce skeleton in the CPU.

Listing 4: Composing device-agnostic skeletons in Orchestra
1 arr_1 = Orchestra.tensor ({1024} , :s32 , fn _ -> 1 end)
2 arr_2 = Orchestra.tensor ({1024} , :s32 , fn _ -> 2 end)
3
4 result =
5 Skeletons.map_2(
6 arr_1 ,
7 arr_2 ,
8 Orchestra.hok(fn x, y -> x * y end),
9 Orchestra.gpu())
10 |> Skeletons.reduce(
11 0,
12 Orchestra.hok(fn x, y -> x + y end),
13 Orchestra.cpu())

As shown in Listing 4, the developer can leverage Elixir’s na-
tive pipe operator (|>) to construct a heterogeneous computa-
tional pipeline. First, the map_2 skeleton performs an element-wise
multiplication of the two input tensors (lines 5–9). By receiving
Orchestra.gpu() as its execution context, the skeleton automat-
ically allocates the required GNx structures, dispatches the com-
putation to the GPU, and transfers the resulting tensor back to
host memory. The resulting tensor is then piped as the first argu-
ment to the subsequent reduce skeleton, which executes on the
CPU (Orchestra.cpu()) and accumulates the sum of the products
(lines 10–13).

Internally, both map_2 and reduce rely on Elixir’s native pattern
matching against the execution context to select the appropriate
execution strategy. When executing within a CPU context, the
skeleton passes the tensors directly to the kernel. In contrast, when
in a GPU context, they transparently allocates the corresponding
GNx structures, transfers data to device memory, launches the ker-
nel, retrieves the result, and returns it as a standard Nx tensor.
Consequently, heterogeneous memory management remains en-
tirely encapsulated within the skeleton implementation, allowing
programmers to compose device-agnostic operations through a
unified functional API.

From the programmer’s perspective, the execution context be-
haves as just another parameter of the skeleton, specifying the tar-
get execution device without affecting the algorithm itself. This de-
sign decouples algorithmic composition from device-specific execu-
tion, enabling the same functional skeletons to be reused across het-
erogeneous architectures without exposing memory-management
details to the programmer.

4 Implementation
Orchestra is built upon the OpenCL implementation of PolyHok
(known as OCL-PolyHok [24]). The primary advantage of this ap-
proach is that Orchestra achieves wide hardware portability across
both CPUs and GPUs using a single unified API. This section de-
tails the internal memory management structures, the orchestration
macros, and the compilation optimizations that enable cooperative
heterogeneous execution.

4.1 GNx: GPU Nx Tensors
Inherited from PolyHok, Orchestra utilizes the Numerical Elixir3
(Nx) library as its standard way of representing multi-dimensional
numerical tensors of various data types in memory (host and de-
vice). Orchestra also uses PolyHok’s GNx (GPU Nx) data structure.
A GNx is essentially an Nx tensor residing in GPU memory. More
specifically, a GNx acts as a host-side reference to an OpenCL mem-
ory buffer (cl::Buffer) allocated on the target device, typically
the GPU’s VRAM.

Because GNx tensors reside in isolated device memory, they
cannot be directly manipulated by standard Elixir Nx functions
and must be operated on exclusively within kernels. A critical
architectural advantage of the GNx abstraction is its integration
with the Erlang Virtual Machine (BEAM) Garbage Collector (GC).
GNx structures are implemented as Erlang resources, and when a
GNx tensor falls out of scope in the host application, the BEAM
GC automatically invokes a custom C++ destructor. This destructor
safely calls the OpenCL API to release the underlying memory
object, thereby preventing memory leaks without requiring explicit
manual memory management by the programmer.

A new GNx can be created using the new_gnx function and re-
trieved back to host memory as a new Nx tensor using the get_gnx
function. A new performance optimization introduced by Orches-
tra is the ability to read a GNx and write its data directly into an
already allocated Nx tensor on the CPU. This avoids the latency of
allocating entirely new arrays in RAM to hold results, bypassing the
lazy-allocation overhead of modern operating systems (as pointed
in [24]). Listing 5 demonstrates this feature.

Another feature introduced in Orchestra to help mitigate PCIe
bandwidth bottlenecks is the ability to specify the exact number
of elements to transfer from the GPU, avoiding the overhead of
copying the entire array when only a partial read is required. If the
user doesn’t provide this number, the get_gnx function will copy
the entire array by default.

Listing 5: Reading GNx into existing CPU tensor
1 array_cpu = Orchestra.tensor(Enum.to_list (1..1024) , :s32)
2
3 result_cpu =
4 Orchestra.with Orchestra.gpu() do
5 gpu_array_input = Orchestra.new_gnx(array_cpu)
6
7 Orchestra.spawn (...)
8
9 # Using the already allocated memory of array_cpu

to save the result
10 Orchestra.get_gnx(gpu_array_input , array_cpu)
11 end

4.2 Orchestra Zero-Copy CPU Tensors
To enable efficient CPU parallelism via OpenCL (the underlying ex-
ecution API used by Orchestra), the arrays provided to the kernels
must be strictly aligned to the byte boundaries of the data types the
kernel will use to access them [19]. An aligned array is one whose
starting physical or virtual memory address is an exact multiple of
its data type byte size. OpenCL imposes strict memory alignment
3https://nx.hexdocs.pm/Nx.html

https://nx.hexdocs.pm/Nx.html
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rules for two primary reasons: architectural portability and perfor-
mance. Unaligned memory access behavior varies drastically across
devices. While some processors can handle it with a latency penalty,
other architectures will trigger hardware faults or segmentation
violations. Enforcing alignment ensures cross-platform stability.

From a performance perspective, modern CPUs heavily rely
on Single Instruction Multiple Data (SIMD) vector instructions to
process data in broad chunks (e.g., float4 or long16). If the under-
lying memory is unaligned, the CPU memory controller requires
multiple cache line fetches to populate a single vector register, se-
verely degrading memory bandwidth and overall computational
throughput.

These strict alignment requirements prevents standard Nx ten-
sors from being passed directly to OpenCL CPU kernels. The binary
data underlying an Nx tensor is allocated by the BEAM Virtual Ma-
chine’s memory allocator, which does not guarantee the alignment
constraints required by OpenCL . As a result, although Nx tensors
reside in host memory, their layout may be unsuitable for safe and
efficient kernel execution.

A naive solution to this problem would be to allocate an aligned
cl::Buffer, copy the contents of the Nx tensor into this buffer
before kernel execution, and copy the results back afterwards. How-
ever, this approach introduces two significant drawbacks. First, it
causes redundant memory allocation, doubling the RAM usage by
maintaining identical data in both the BEAM heap and the OpenCL
buffer. Second, it introduces a severe memory copy overhead. The
latency of constantly transferring data between unaligned and
aligned buffers for every kernel launch can substantially reduce or
even eliminate the performance gains obtained from CPU paral-
lelization.

To circumvent these limitations, Orchestra implements a robust
zero-copymemorymodel using OpenCL 3.0 Shared Virtual Memory
(SVM). With this approach, CPU tensors are allocated through
the Orchestra.tensor function. When invoked, Orchestra’s C++
runtime requests an SVM buffer from the OpenCL driver, enforcing
the strict byte alignments required by the target CPU architecture.
The NIF then wraps this aligned memory pointer inside an Erlang
Resource Binary and returns it to the host. This allows the BEAM
Garbage Collector to seamlessly manage the buffer’s lifecycle, while
Elixir can wrap the binary into a standard Nx tensor, achieving
total compatibility with the Nx library.

This design enables both the OpenCL runtime and the Elixir
application to operate on the same physical memory without in-
termediate copies. Consequently, Orchestra eliminates redundant
allocations and memory transfers while preserving the usability of
Nx tensors. The result is a zero-copy execution model that enables
CPU kernels to achieve near-native performance while maintaining
seamless integration with Elixir’s environment.

4.3 The with Macro
The orchestration abstraction introduced by Orchestra fundamen-
tally relies on Elixir’s robust macro system, specifically through
the implementation of the Orchestra.with block. This macro
is responsible for defining the hardware execution context (e.g.,
Orchestra.gpu() or Orchestra.cpu()) for a designated block of
code.

At compile time, when the with macro expands, it intercepts
the Abstract Syntax Tree (AST) of the enclosed expressions. The
macro traverses this AST and injects the specified execution context
into every Orchestra module command within its scope. Listing 6
demonstrates this metaprogramming transformation.

Listing 6: With macro expansion demonstration
1 Orchestra.with Orchestra.gpu() do
2 gpu_array = Orchestra.new_gnx(cpu_array)
3
4 Orchestra.spawn(
5 &Example.ker/1,
6 {1, 1, 1},
7 {128, 1, 1},
8 [gpu_array ])
9
10 Orchestra.get_gnx(gpu_array)
11 end
12
13 # ========== After Macro Expansion ==========
14
15 gpu_array = Orchestra.new_gnx(Orchestra.gpu(), cpu_array)
16
17 Orchestra.spawn(
18 Orchestra.gpu(),
19 &Example.ker/1,
20 {1, 1, 1},
21 {128, 1, 1},
22 [gpu_array ])
23
24 Orchestra.get_gnx(Orchestra.gpu(), gpu_array)

As illustrated in Listing 6, the with block modifies the abstract
syntax tree by prepending the provided context (in this instance, the
Orchestra.gpu()) as the implicit first argument to every relevant
function call, such as new_gnx, spawn, and get_gnx.

This design ensures that every call to an Orchestra function (spe-
cially Orchestra.spawn) inherently knows which OpenCL device
and command queue to target. It also decouples the kernel defini-
tion from its device target, allowing the exact same polymorphic
kernel to be seamlessly routed to different processors dynamically.

4.4 Kernel Caching
Because Orchestra relies on dynamic typing, kernels must be Just-
In-Time (JIT) compiled at runtime once the specific types of the in-
coming arguments are available. While OpenCL’s JIT compilation is
efficient, repeatedly parsing, AST-transforming, and JIT-compiling
the OpenCL C code for every kernel launch would introduce a big
latency, especially in iterative algorithms like graph traversals.

To reduce this overhead, Orchestra implements an internal ker-
nel caching mechanism using a dedicated Elixir process known as
the module_server to store it. Created during compile time, this
server stores all kernel ASTs, types maps and compiled kernel re-
sources. When the Orchestra.spawn function is invoked, Elixir
dynamically generates a unique signature for the kernel dispatch.
First, it maps the formal parameters of the kernel to the inferred
types of the actual arguments provided by the user (e.g., mapping an
array a to an integer pointer :tint). Second, it creates a map resolv-
ing any higher-order function arguments to their actual OpenCL
string names. For a named device function, this might look like f =>
"inc", whereas an anonymous function utilizes its auto-generated
name, such as f => "anon_2do4g0jge0".
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These mappings are combined into a single keyword list and
paired with the kernel’s internal name and the target execution con-
text to form a unique 3-tuple caching key. For example, a map kernel
targeting the GPU would generate a key resembling {:map_ker,
[a: :tint, f: "inc"], :gpu}. Orchestra sends a message con-
taining this key to the module_server to request the corresponding
compiled kernel.

If the kernel was previously compiled under this exact configu-
ration, the server immediately returns the compiled kernel as an
Erlang Term, completely bypassing the compilation pipeline. Con-
versely, if it results in a cache miss (i.e., the server returns nil),
Orchestra proceeds to infer the types, generate the OpenCL C code,
and compile it via the C++ runtimeNIFs. The newly compiled kernel
is then executed and subsequently stored in the module_server us-
ing the generated key. This architecture guarantees that the heavy
JIT compilation overhead is paid exclusively on the first invocation
of a specific kernel signature and device target, ensuring maximum
performance for subsequent iterative dispatches.

5 Experiments
To evaluate both the runtime performance and heterogeneous or-
chestration capabilities of Orchestra, we conducted two sets of
experiments. The first evaluates the performance gains of Orches-
tra’s parallel CPU execution model and algorithmic skeletons over
idiomatic Elixir tensor programming provided by the Nx library.
The second is a case study based on a Breadth-First Search (BFS)
benchmark adapted from the Chai benchmark suite [14], designed
to assess Orchestra’s support for cooperative heterogeneous execu-
tion between CPUs and GPUs.

All benchmarks were executed on a heterogeneous worksta-
tion equipped with an AMD Ryzen 7 9700X 8-Core processor (16
threads), 128 GB of RAM, and two NVIDIA GeForce RTX 4070
GPUs. The system runs Ubuntu 24.04.4 LTS and uses Elixir 1.17.3
with Erlang/OTP 27. The source code for all benchmarks is publicly
available in Orchestra’s GitHub repository.4

5.1 CPU Parallel Skeleton Evaluation
In this first experiment, we evaluate Orchestra as an alternative exe-
cution model for Elixir tensor programs, executing in parallel across
the CPU cores. We implemented two fundamental linear algebra
benchmarks: Vector Dot Product (DP) and Matrix Multiplication
(MM).

To establish a baseline representing standard, idiomatic ten-
sor operations in pure Elixir, the reference implementations were
written using Numerical Elixir (Nx, version 0.12.1) with its de-
fault sequential BinaryBackend (Nx.dot). This comparison inten-
tionally captures the architectural overhead imposed by the Er-
lang Virtual Machine (BEAM) during tensor computations in na-
tive Elixir. In contrast, Orchestra implementations express DP and
MM using composable algorithmic skeletons executed within an
Orchestra.cpu() context. In this context, Orchestra dispatches
multi-threaded OpenCL CPU kernels across the available host CPU
cores, executing the computational kernels outside the BEAM vir-
tual machine. The goal of this experiment is therefore not to com-
pare Orchestra against highly optimized numerical libraries or
4https://github.com/Equiel-1703/orchestra

execution backends (e.g., cuBLAS or XLA), but rather to quantify
the performance benefits available to developers when replacing
idiomatic Elixir tensor implementations with Orchestra.

Both DP and MM in Orchestra were implemented as a parallel
map skeleton followed by a reduce skeleton. Each benchmark was
executed 30 times for three input sizes. The average times and
standard deviations are reported in Table 1.

Table 1: Linear algebra benchmarks results. Times represent
the average of 30 runs.

Nx Baseline (ms) Orchestra (ms) Speedup

DP 10M 3, 275.97 ± 30.61 401.03 ± 2.54 8.17x
DP 15M 4, 706.73 ± 41.14 402.53 ± 1.63 11.69x
DP 20M 13, 962.63 ± 89.26 405.53 ± 2.10 34.43x

MM 128 × 128 173.50 ± 1.11 16.47 ± 0.51 10.53x
MM 256 × 256 2, 330.73 ± 50.89 17.47 ± 0.51 133.41x
MM 512 × 512 37, 342.20 ± 314.23 29.13 ± 0.57 1,281.92x

The results in Table 1 demonstrate substantial speedups when
transitioning from BEAM-managed binaries to Orchestra’s multi-
threaded CPU execution. For DP, Orchestra achieved speedups from
8.17x to 34.43x. For Matrix Multiplication (MM), speedups scaled
from 10.53x (128×128) to 1,281.92x (512×512). The low standard de-
viations observed across all benchmarks (below 3 ms) also indicate
that Orchestra provides a more stable runtime behavior.

These dramatic gains suggest that VM-level memory overheads
(inherent to pure Elixir tensor backends) dominate the execution
time of these workloads, rather than differences in the underlying
algorithms. The default Nx.BinaryBackend treats tensors as im-
mutable Erlang binaries, forcing the VM to repeatedly allocate and
copy binary structures during iterations, which saturates memory
bandwidth and triggers frequent Garbage Collection (GC) cycles.
For larger tensors (as in MM 512×512), the GC overhead completely
dominates execution time. Orchestra circumvents these limitations
by allocating strictly aligned Shared Virtual Memory (SVM) tensors
outside the BEAM heap (as detailed in Section 4.2), allowing kernels
executing in an Orchestra.cpu() context to update them in place
while preserving a functional programming interface.

5.2 Case Study: GPU-CPU Cooperation with
BFS Benchmark

Unlike the previous experiment, which evaluates Orchestra’s CPU
execution model, this case study evaluates Orchestra’s ability to
orchestrate the execution of a single application across different
processors. For this, we ported the Breadth-First Search (BFS) graph
traversal benchmark from the Chai Collaborative Heterogeneous
Applications suite [14]. Graph traversals like BFS represent chal-
lenging, irregular, memory-bound workloads that exhibit severe
dynamic load imbalances. To optimize device execution, our imple-
mentation utilizes a highly optimized Warp-Centric GPU kernel.
Unlike a standard thread-centric approach where each thread pro-
cesses one node, a Warp-Centric kernel assigns an entire warp (32
synchronized threads) to cooperatively process the adjacency list of
a single node, ensuring coalesced memory accesses and minimizing

https://github.com/Equiel-1703/orchestra
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branch divergence. For the CPU kernel, we implemented a multi-
threaded thread-centric kernel utilizing the Test-and-Test-and-Set
(TTAS) idiom across all 16 available CPU execution threads (8
physical cores with SMT) to minimize atomic contention in shared
memory.

Since BFS explores a graph level-by-level, the algorithm is in-
herently iterative. In Orchestra, this is implemented natively as
a recursive Elixir function that dispatches the appropriate kernel
during every step of the traversal. This iterative nature highlights
the importance of the Kernel Caching mechanism described in
Section 4. Because the kernel signature and data types remain con-
stant across levels, the JIT compilation overhead is paid exclusively
on the first iteration, allowing all subsequent kernel launches to
execute with near-zero latency.

Furthermore, the BFS benchmark showcases Orchestra’s dy-
namic load-balancing capabilities. In social network graphs, the
frontier size begins small, grows exponentially in the middle levels,
and shrinks rapidly at the end. Rather than assigning the entire BFS
traversal to a single processor, Orchestra allows that both proces-
sors participate in the execution of a single traversal. If the frontier
size exceeds a defined threshold, the workload is dispatched to
the Orchestra.gpu() context to leverage massive parallelism. If
the frontier falls below the threshold, the workload remains in the
Orchestra.cpu() context, where the CPU’s superior branch pre-
diction and lower latency can process small arrays faster than the
GPU’s kernel launch overhead. This collaboration pattern is known
as Coarse-grained Task Partitioning [14]. The threshold is a user-
configurable parameter that determines when each BFS iteration
will be executed on the CPU or the GPU according to the frontier
size.

To evaluate this cooperative approach, we traversed two datasets
obtained from the Stanford Network Analysis Project (SNAP) repos-
itory [20]: the Social Circles from Google+ graph (107K nodes, 13.6M
edges) and the massive LiveJournal social network (4.8M nodes,
68.9M edges). To measure the impact of heterogeneous coopera-
tion, we compared three execution modes: CPU-only, GPU-only,
and Cooperative, all using the same source code. The routing was
controlled entirely by adjusting the frontier threshold variable. Set-
ting it to 50M forced a CPU-only execution (as the frontier never
reaches this value in either graph), setting it to 0 forced a GPU-only
execution, and setting an empirically determined optimal threshold
of 1, 024 enabled full CPU-GPU cooperation. To ensure statistical
significance, the traversal was repeated 30 times for each configu-
ration on the same machine used in the previous experiment. Table
2 reports the average execution time and 95% confidence inter-
vals across all executions. Our measurements intentionally include
the first execution, which incurs the kernel cache initialization
(warm-up) cost. This approach ensures a fair comparison among all
three execution modes, as the Cooperative configuration requires
caching both the CPU and GPU kernels, whereas the CPU-only and
GPU-only configurations cache only a single kernel.

The execution times presented in Table 2 illustrate a massive
performance disparity between the CPU and the GPU, as expected
for highly parallel graph traversals. However, the success of the
Cooperative mode depends heavily on the dataset and the physi-
cal hardware interconnection. In Table 3, we present a statistical

Table 2: BFS traversal results. Graph load time from disk is
not measured.

Dataset CPU-Only (ms) GPU-Only (ms) Cooperative (ms)

Google+ 20.60 ± 0.25 6.17 ± 0.58 3.67 ± 1.09
LiveJournal 110.53 ± 0.66 12.47 ± 0.90 12.17 ± 1.21

analysis of the GPU-Only and Cooperative results using the Mann-
Whitney U Test and Cohen’s d to evaluate the statistical significance
of the execution time differences.

Table 3: Statistical comparison of the GPU-Only and Cooper-
ative execution results using the Mann-Whitney U Test and
Cohen’s d.

Dataset p-value Significance Cohen’s d

Google+ 1.79 × 10−11 Significant (𝑝 < 0.05) 1.07 (Large)
LiveJournal 0.284 Not Significant (𝑝 ≥ 0.05) 0.17 (Small)

As shown in Table 3, for the Google+ dataset, the Cooperative
mode achieved a statistically significant speedup over the GPU-
only execution (dropping from 6.17ms to 3.67ms with a large effect
size of 𝑑 = 1.07). Because this graph contains only 107K nodes, the
visited state array (a 32-bit integer array used to track whether
a node has been visited) is exceptionally small (∼ 430 KB). Trans-
ferring 430 KB across the PCIe bus during a context switch takes
mere microseconds. Therefore, Orchestra’s ability to dynamically
route the small initial and final frontiers to the CPU completely
bypassed the GPU’s kernel launch overhead without incurring a
heavy data-transfer penalty.

Conversely, for the LiveJournal dataset, the Cooperative execu-
tion time (12.17ms) and the GPU-only execution time (12.47ms)
were statistically indistinguishable (𝑝 = 0.284). Because LiveJour-
nal contains 4.8 million nodes, the visited array grows to ∼ 19.3
MB. Every time Orchestra switches execution contexts between
the CPU and the discrete GPU, it must synchronize this 19.3 MB
array across the PCIe bus. The physical latency of transferring this
data back and forth completely obfuscates the computation time
saved by the CPU on the small frontiers.

Ultimately, these results suggest that the dominant overhead in
the LiveJournal workload is the PCIe communication cost and not
the orchestration abstraction itself. The lack of a statistically signif-
icant speedup in the Cooperative configuration for LiveJournal is
therefore attributed primarily to the latency of synchronizing the
19.3 MB visited array between host and device memory through
the PCIe bus. This phenomenon could theoretically be mitigated
by using a smaller datatype for the visited array or by using a
GPU SVM that the CPU could access directly without having to
explicitly transfer data. However, while SVMs have been shown to
improve performance on integrated heterogeneous architectures
by eliminating explicit copies and enabling direct DRAM sharing
between CPUs and GPUs [14], these benefits are substantially re-
duced on discrete GPU systems, where host and device memories
remain physically separated and communication must still traverse
the PCIe interconnect [23].
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6 Related Work
Orchestra is product of a research trajectory investigating high-
performance computing within the Elixir ecosystem. This lineage
began with GPotion [9], which introduced the foundational map-
ping of Elixir syntax to CUDA semantics and established garbage
collected device memory. Hok [8] elevated this abstraction by en-
abling higher-order kernels via function pointers. More recently,
PolyHok [10, 24] substituted static typing and pointers with dy-
namic type inference, AST manipulation, and Just-In-Time (JIT)
compilation. While Orchestra inherits PolyHok’s dynamic typing,
GNx abstraction and JIT architecture, these predecessors were de-
signed to discrete GPU-only execution. Orchestra extends this
ecosystem by introducing orchestration macros, enabling coop-
erative heterogeneous execution across both CPUs and GPUs.

In the broader context of heterogeneous coordination, C++ frame-
works and runtime systems have historically dominated. EngineCL
[7], StarPU [1], and HCE [28] abstract task scheduling and load bal-
ancing across disparate processors, but employ distinct mechanisms
to do so. EngineCL conceals hardware complexities behind a single
virtual device layer while offers different load balancing algorithms
for the user to choose. HCE utilizes software pipelining to opti-
mize and overlap inter-device communications, whereas StarPU
dynamically schedules tasks and automates data transfers based
on history-based performance models. Merge [21] similarly targets
heterogeneous multi-core systems by employing predicate dispatch
to dynamically route map-reduce workloads to pre-compiled C++
function variants. To further abstract structural code, algorithmic
skeletons have been widely adopted. SkePU [12] provides highly
optimized C++ templates for data-parallel skeletons, utilizing smart
containers to transparently manage data transfers and memory con-
sistency across devices. Similarly, SPar [15] utilizes C++ attributes to
generate stream-parallel pipelines. While highly performant, these
frameworks require programmers to manage the complexities of
the statically-typed C++ ecosystem and rely heavily on Ahead-Of-
Time (AOT) compilation. Orchestra elevates this abstraction to a
dynamically-typed, garbage-collected functional language.

Within managed and functional programming paradigms, earlier
systems such as Eden [22] explored how functional languages can
support parallel programming through high-level abstractions and
skeletons. However, these systems were not designed for modern
accelerator-based heterogeneous execution. More recent frame-
works often rely on intermediate representations (IR) or code trans-
lation to target accelerators. Delite [4] leverages Scala and Light-
weight Modular Staging (LMS) to construct a domain-specific IR,
applying static parallel optimizations before generating heteroge-
neous execution graphs. SparkCL [25] integrates OpenCL into the
Apache Spark big data ecosystem, utilizing Aparapi to execute a
Java code base on accelerator devices. Futhark [16] offers highly
optimized array computations relying on an Ahead-Of-Time (AOT)
compilation pipeline. In contrast, Accelerate [6] and dynamic en-
vironments like Julia [2] embrace dynamic execution. Accelerate
embeds array computations in Haskell using an online code genera-
tor at application runtime, while Julia serves as a Just-In-Time (JIT)
compiler for GPUs, allowing developers to write native-like ker-
nels that are dynamically specialized. Modern hyper-heterogeneous
AI frameworks like H2 [27] tackle hardware diversity differently,

employing a unified PyTorch-compatible interface (DiTorch) that
bridges various vendor-specific operator libraries rather than JIT-
compiling custom kernels. Orchestra aligns with the dynamic JIT
philosophy and Garbage Collection (GC) integration seen in envi-
ronments like Julia, but distinguishes itself by avoiding complex IR
graphs entirely. Instead, it dynamically extracts and compiles Elixir
ASTs directly to OpenCL C, caching them to avoid overhead, and
focuses on explicit cooperative orchestration via its context-based
with macro.

Finally, the use of Abstract Syntax Tree (AST) manipulation to
hide boilerplate code is a growing trend across modern languages.
Recent work by Faé and Griebler [13] demonstrates how Rust pro-
cedural macros can automatically generate OpenCL pipeline code
from annotated Rust functions.While Faé and Griebler utilize Rust’s
procedural macros at compile time to directly generate OpenCL
code from strictly constrained Rust functions, Orchestra leverages
Elixir macros to generate and JIT compile kernels at runtime, to
accommodate dynamic typing. Both approaches confirm that AST
metaprogramming is an effective technique for abstracting the
severe complexities of heterogeneous APIs.

7 Conclusions and Future Work
This paper presented Orchestra, a set of abstractions embedded in
Elixir designed to simplify the development of heterogeneous appli-
cations. By decoupling the logical definition of kernels from their
physical execution targets, Orchestra eliminates much of the boil-
erplate code traditionally required to coordinate workloads across
CPUs and GPUs while preserving a unified programming model.
Furthermore, Orchestra enables the construction of reusable algo-
rithmic abstractions, such as skeletons, through device-independent
kernels.

The experimental evaluation demonstrated that Orchestra pro-
vides substantial runtime performance improvements over the de-
fault Numerical Elixir (Nx) BinaryBackend for dense linear algebra
workloads executing on multi-core CPUs. The BFS case study fur-
ther showed that Orchestra’s orchestration abstractions can support
coarse-grained heterogeneous cooperation by dynamically select-
ing the CPU or GPU according to the workload characteristics. For
workloads with low communication overhead, this strategy im-
proved execution time compared to GPU-only execution, whereas
for larger datasets the benefits were limited by PCIe communication
costs, and not by the abstraction layer itself.

Future work will focus on extending Orchestra with abstrac-
tions for multi-GPU execution and asynchronous execution streams.
We also plan to evaluate Orchestra using a broader collection of
heterogeneous applications and orchestration patterns, including
additional cooperative benchmarks.

Artifact Availability
The source code for Orchestra and all experiments presented in
this paper are publicly available on Zenodo (DOI 10.5281/zen-
odo.21799503) under the MIT License.
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