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Abstract

This paper presents Julia for ACCelerators (JACC) version 1.0, a framework
that provides users of the LLVM-compiled Julia language with easy access
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to CPU/GPU parallelization. JACC leverages Julia’s unique features and the
JuliaGPU ecosystem, enabling users to write a single portable code using APIs
for array allocation and for launching parallel_for and parallel_reduce ker-
nels on CPUs and GPUs from major GPU vendors (NVIDIA, AMD, Intel, and
Apple). Here, we provide an overview of JACC’s first stable release, its archi-
tecture and current stable functionality and support, interoperability with the
Julia high-performance computing (HPC) ecosystem, advanced features (e.g.,
shared memory, multi-GPU programming, and asynchronous kernel execution),
and notable science use cases in fluid dynamics, multiphysics and quantum
solvers, and neutron science facilities. JACC closes gaps in the Julia ecosystem
by providing a single unified framework that improves the productivity, portabil-
ity, and performance of scientific application development. It thus advances the
programmability and accessibility of HPC systems.

Keywords: Julia, High-performance computing, High productivity, CPU and GPU,
performance portability

1 Motivation and Significance

Programming high-performance computing (HPC) systems is a complex endeavor,
and it is expected to become even more so with the proliferation of heterogeneous
hardware (e.g., a growing number of industry-driven AI accelerators) [1]. Despite the
wide adoption of LLVM [2] by compiler vendors, a plethora of vendor-specific, stan-
dard, and third-party programming models are used, and they target mainly C++ , C,
and Fortran as the de facto HPC languages. Every generation of computing has intro-
duced new productive high-level programming paradigms to abstract out common
low-level aspects so that programmers can focus more on domain-specific problems.
Notable examples include Fortran [3], DARPA languages [4], and the wide adoption
of dynamic, high-level memory-managed languages such as Python, R, and MATLAB
for non–performance-critical code for their increased productivity and support.

The past decade saw large investments in accelerators toward exascale comput-
ing [5]. GPUs in particular have driven the evolution of performance-portable “write

once, run everywhere” models, as in standard implementations (e.g., OpenMP [6],
OpenACC [7], OpenCL [8], SYCL [9, 10]) and third-party implementations (e.g.,
Kokkos [11], RAJA [12], Alpaka [13])—implementations that are critical for exascale
applications [14, 15]. These libraries ameliorate the large refactoring costs of porting
to different architectures [16]. Though traditionally funded by government investment,
vendor-neutral GPU portability has recently attracted interest from language devel-
opers in industry, including those working on Chapel [17], Julia [18], and the more
recent multi-level intermediate representation (MLIR)–based Mojo [19] language.

In this paper, we present the first stable version of the Julia for ACCelerators
(JACC) [20] library. JACC enables users of the Julia language to write portable kernels
once, and these kernels can be deployed and run on different CPU and GPU architec-
tures (NVIDIA, AMD, Intel, and Apple). JACC leverages Julia’s metaprogramming,
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mathematical syntax, LLVM compilation, and ecosystem capabilities to provide sim-
ple array, parallel_for, and parallel_reduce constructs. This feature increases
programmability by using a high-level language, as most alternatives target the C++
language (e.g., Kokkos, RAJA, SYCL, TBB). Given the growth in adoption of the
Julia language in scientific computing, JACC helps close gaps between high produc-
tivity and high performance by providing accessible parallel computing for Julia users
without specialized knowledge of accelerator programming. Moreover, JACC provides
sufficient control for more advanced users to tune their kernel performance.

The principal contributions of this paper are as follows:

1. We present a software description of the APIs and architecture of JACC ver-
sion 1.0, the first stable release, which leverages Julia’s ecosystem, including the
JuliaGPU1 backends.

2. We demonstrate the impact of Julia and JACC in scientific HPC applications.
3. We provide new directions for applications that can benefit from JACC, including

quantum computing and novel runtimes, and the use of agentic AI.

The rest of the paper is organized as follows. Section 2 provides background infor-
mation about Julia and the motivation for JACC. Section 3 describes JACC’s design
principles, architecture and backend relationships, public APIs, and available function-
ality. Section 4 illustrates the impact of JACC for scientific users who have adopted
the Julia language, and Section 5 discusses new science directions in which JACC can
play a key role. Finally, Section 6 outlines our conclusions. JACC aims to provide a
balance between high productivity and high performance by leveraging the LLVM-
based Julia language and ecosystem. The stable JACC API gives Julia users immediate
access to CPU and GPUs from major vendors (NVIDIA, AMD, Intel, and Apple)
for their parallel computing needs. Thus, JACC v1.0 provides a stable development
path that removes the need for vendor-specific code and flattens the steep learning
curve on accelerator programming, and it provides enough low-level, hardware-specific
mechanisms for performance tuning.

2 Background: Julia and HPC

In this section we discuss the recent adoption and use of the Julia language for scientific
computing and HPC.

2.1 The Julia Programming Language

Julia offers a combination of unique features covering three aspects that support
productive technical computing:

• Rich mathematical (e.g., native multi-dimensional arrays) and AI frameworks for
scientific code and data analysis.

• Native performance via a type system, multiple dispatch, garbage collection,
and just-in-time (JIT) compilation on top of LLVM for CPUs and GPUs (e.g.,
JuliaGPU [21]).

1https://juliagpu.org/
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• A unified ecosystem that supports packaging, interoperability via foreign func-
tion interfaces, interactive computing, and tools, all of which are maintained by a
community of practice in industry and academia.

Similar to Fortran in past generations of programming languages, Julia satis-
fies modern reproducibility and low-cost requirements for scientific software beyond
number-crunching. Julia combines low-level (e.g., compilation, GPU programming)
and high-level (e.g., garbage collection, unified packaging) aspects as a lower-cost
alternative to developing code with a high-level language, such as Python, in com-
bination with an HPC language [22]. Julia has caught the attention of researchers
in various scientific fields, such as high-energy physics [23–25], biology [26], quan-
tum chemistry [27–29], and machine learning [30]. This adoption signals the need for
HPC capabilities—in particular, easy parallel computing access on CPUs and GPUs.
Although Julia’s ecosystem is mature, work is ongoing to bring Julia to the same level
of adoption and integration as the dominant HPC languages. One notable example is
the development of the recently available juliac static compiler [31].

Julia in HPC

Julia has been explored for use in HPC across several different areas. Churavy et
al. [32] present a summary of the value proposition of Julia’s HPC ecosystem for pro-
gramming models—Julia’s Threads, CUDA.jl [21], AMDGPU.jl [33], oneAPI.jl [34],
the GPU-portable KernelAbstractions.jl [35, 36] library, and the MPI.jl [37] wrapper
for communication using the Message Passing Interface (MPI) [38]. Regier et al. [39]
showcased Julia’s viability for HPC on the CPU-based Cori supercomputer. Godoy
et al. [40] studied the unifying value of Julia for simulation and data analysis on the
Frontier exascale system. Giordano et al. [41] and Hunold et al. [42] reported neg-
ligible overheads in MPI communication benchmarks. Application frameworks and
case studies have been reported by Ramadhan et al. [43] (global ocean simulations),
Ranocha et al. [44] and Schlottke-Lakemper et al. [45] (Trixi.jl for partial differential
equation solvers), Marras et al. [46] (Jexpresso.jl for general systems of conservation
laws, the first application framework to embed JACC.jl), Shang et al. [47] (quan-
tum chemistry on the Sunway TaihuLight supercomputer), Martorell et al. [48] (finite
elements), and Wegert et al. [49] (level-set toolbox).

Performance portability in Julia has been studied by De la Calle and García [50],
who introduced a tool to translate CUDA.jl to portable KernelAbstractions.jl code
and demonstrated small overheads on science use cases such as the compute-bound
miniBUDE (near-zero) and the memory-bound BabelStream (9%) miniapps. Briand et
al. [51] compared Julia’s Polyester.jl for CPU and KernelAbstractions.jl for GPU with
Kokkos for memory-bound Cartesian computational fluid dynamics (CFD) solvers.
Their work showed small overheads for those memory-bound workloads, making Julia
a good fit for the CFD applications. Godoy et al. [52] showed that Julia vendor-
specific CPU and GPU models have higher performance portability than that of
Python’s Numba and Kokkos for a simple matrix multiplication case. Lin et al. [53]
tested CPU and GPU programming models in Julia and compared them with C++
implementations of the miniBUDE and BabelStream applications. They found that
Julia’s non-portable programming models are on par in terms of performance, but
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manual ports are still needed for CPU and GPU architectures, with KernelAbstrac-
tions.jl being the exception for GPUs. Schanen et al. [54] presented ExaPF.jl, one of
the first performance-portable frameworks in Julia: a differentiable power flow solver
built on KernelAbstractions.jl in which all core components, the nonlinear solver, lin-
ear solvers, automatic differentiation, and the power grid model, execute on all three
major GPU architectures (NVIDIA, AMD, and Intel).

Therefore, the motivation for JACC v1.0 is to provide a robust framework that
elevates CPU/GPU performance-portable programming to make it accessible as Julia
adoption continues to grow for HPC users.

3 JACC APIs and Architecture

This section describes the JACC public APIs and internal architecture, which leverage
Julia’s unique characteristics to combine scientific productivity and performance.

3.1 JACC APIs

At the core of JACC is a simple but powerful API built around portable abstractions
for the following:

- Backend selection: outside user code: set_backend, remove_backend; in
portable user code: @init_backend

- Array allocations: array, ones/zeros, fill, shared

- Kernel launching: parallel_for and parallel_reduce

These abstractions allow users to express parallelism and data movement in a way
that is portable across architectures and consistent with Julia’s mathematical syntax
and its use in scientific computing. For example, the program in Fig. 1 shows that a
meaningful kernel can be implemented in JACC in only 4 lines and run on any CPU
or GPU from any major vendor, making it simpler than any other implementation in
any language and programming system. Thus, users can exploit their laptops’ CPU
or GPU (NVIDIA, AMD, Intel, Apple) for interactive development (e.g., using the
Julia read-eval-print loop, REPL) and use the same code on the fastest GPU-powered
(NVIDIA, AMD, Intel) and CPU-powered supercomputers in the world.

Figure 2 illustrates JACC’s backend selection mechanisms, which use Julia’s widely
adopted Preferences.jl mechanisms to configure vendor-specific backends outside the
portable user code, similar to the approach used by MPI.jl for detecting underly-
ing MPI implementations. By default, all but the CPU Threads backend packages
are optional through using Julia’s standard weak dependencies features; this mini-
mizes potential costs and conflicts when a particular hardware is not supported (e.g.,
AMDGPU.jl on NVIDIA or Intel systems).

Kernel functions in JACC can be defined by any function in Julia that expresses
independent workloads for each unique index (i,j,k) in a multi-dimensional range (Nx,
Ny, Nz). An example of such a function is shown in Fig. 3a, in which indices are
always defined first in the function signature, followed by regular function arguments
(args...). Due to Julia’s flexibility, anonymous and “do-style” function variations are
also supported by JACC (like the one defined in-place in Fig. 1).
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Fig. 1: JACC vendor-agnostic code example on the interactive Julia REPL assigning
matrix values on an Apple M3 GPU.

1 JACC.set_backend("AMDGPU")
2 # restart Julia session or
3 julia --project -e 'using JACC; JACC.set_backend("AMDGPU")'
4 # Options: Threads (default), CUDA, AMDGPU, oneAPI, Metal

1 ## LocalPreferences.toml
2 [JACC]
3 backends = ["amdgpu"]
4 default_backend = "amdgpu"
5

6 [JACC.placement]
7 amdgpu = "weakdeps"

1 # portable user code
2 import JACC
3 JACC.@init_backend

Fig. 2: JACC backend selection mechanisms reusing Preferences.jl and LocalPrefer-
ences.toml outside user code.

Basic kernel launching APIs

Shown in Fig. 3b are the different basic signatures and the reasoning behind them,
which is to allow users to adapt to the style with which they are more familiar.
This simple use of JACC allows users to call parallel_for and parallel_reduce sig-
natures with the range and kernel functions as the only mandatory parameters, thus
completely abstracting away hardware- and backend-specific details that are not nec-
essarily portable (e.g., the GPU-only blocks and threads). In addition, the macro
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signatures follow Julia’s style to provide equivalent macro and regular function signa-
tures. It is important to note that all the signatures shown converge internally on the
same kernel launching mechanisms, which preserves the JACC design requirement of
adding minimal overhead on top of its backends, as reported by Valero-Lara et al. [20].

Advanced kernel launching APIs

As shown in Fig. 3c, the same basic APIs shown in Fig. 3b can be extended by adding
more control parameters to the parallel_for and parallel_reduce. As seen, the added
knobs are based on the internal and extensible LaunchSpec struct, which allows users
to tune hardware-specific aspects of kernel launching at the cost of some portabil-
ity. Current control knobs include those for setting the number of GPU blocks and
threads, launching a kernel synchronously (sync, on by default) or asynchronously,
shared memory size (shmem_size), and the stream used for kernel execution (e.g.,
CUDA and HIP streams or oneAPI queues). When a knob is not portable (e.g., set-
ting GPU blocks on CPU), the option is simply ignored to favor productivity without
reducing code portability. As new application needs arise, the set of launch specifica-
tions can be easily adapted and extended to new architectures. Thus, following Julia’s
productivity goals, JACC effectively separates domain-specific functionality (or com-
putational science) from hardware-specific optimizations (or computer science) in its
APIs.
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1 function f(i, j, k,..., n, args...)
2 end

(a) JACC kernel structure: plain Julia functions beginning with index
parameters (i,j,k,..., n) followed by user parameters.

1 # function first, Julia-like
2 parallel_for(f, range, x...)
3 parallel_reduce(f, range, x...; [type], [op], [init])
4

5 # range first, Kokkos-like
6 parallel_for(range, f, x...)
7 parallel_reduce(range, f, x...; [type], [op], [init])
8

9 # keyword arguments
10 parallel_for(; range=range, f=f, (args...))
11 parallel_reduce(; range, f, args, [type], [op], [init])
12

13 # macro version
14 @parallel_for range=range f(x...)
15 @parallel_reduce range=range [type=...] [op=...] [init=...] f(args...)
16

17 # where:
18 op = {+, *, min, max, <user-defined>}
19 # defaults:
20 init = { 0, 1, inf, -inf, <user-defined> }
21 type = JACC.default_float() either Float32 or Float64

(b) JACC basic APIs

1 spec = JACC.launch_spec(; blocks=blocks, threads=threads, sync=false)
2 # LaunchSpec parameters (all optional):
3 stream, threads, blocks, shmem_size, sync
4

5 # function first, Julia-like
6 parallel_for(f, spec, range, args...)
7 parallel_reduce(f, spec, range, args...; [type], [op], [init])
8

9 # range first, Kokkos-like
10 parallel_for(spec, range, f, args...)
11 parallel_reduce(spec, range, f, args...; [type], [op], [init])
12

13 # keyword arguments
14 parallel_for(; spec, range=range, f=f, (args...))
15 parallel_reduce(; spec, range=range, f=f, args..., [type], [op], [init])
16

17 # macro version
18 @parallel_for range=range blocks=blocks threads=threads shmem_size=shmem_size

sync=true stream=stream_handler f(args...)
19 @parallel_reduce range=range [type=...] [op=...] [init=...] blocks=blocks

threads=threads shmem_size=shmem_size sync=true stream=stream_handler} f(
args...)

(c) JACC advanced APIs via the LaunchSpec struct

Fig. 3: JACC APIs
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Interoperability with Julia’s HPC ecosystem

Because of JACC’s metaprogramming capabilities, it is fully interoperable with vendor
backends in JuliaGPU. As shown in Fig. 4, portable JACC code co-exists with (a) the
portable kernel launching mechanisms of KernelAbstractions.jl and (b) vendor-specific
CUDA.jl (or any other vendor) functionality, which ties JACC code path to a single
vendor backend. This design decision enables writing JACC memory and kernel code
in combination with KernelAbstractions.jl code that is entirely portable (no single line
of code related to vendor-specific information), as well as piece-wise porting of vendor-
specific kernel backend code (e.g., when CUDA.jl has been used for prototyping)
to a fully portable JACC implementation. In addition, JACC’s integration with the
JuliaGPU ecosystem extends the backends’ existing interoperability with tools (e.g.,
vendor profilers), libraries, and the Julia standard library without the need for any
additional effort. JuliaGPU interoperability is critical in HPC—such as in CUDA-
aware, ROCm-aware, and oneAPI-aware MPI.jl communications and other library
ecosystems (e.g., parallel I/O, visualization)—because it allows developers to reuse
existing HPC software.

1 import KernelAbstractions as KA
2 import JACC
3 JACC.@init_backend
4

5 N = 1024
6 a = JACC.ones(Float32, N, N)
7

8 backend = JACC.default_backend()
9

10 KA.@kernel function mul2_kernel(A)
11 I,J = KA.@index(Global)
12 @inbounds A[I,J] = 2 ∗ A[I,J]
13 end
14

15 mul2_kernel(backend, 64)(a, ndrange=
size(a))

16 KA.synchronize(backend)
17 @show all(a .== 2.f0)

(a) JACC + KernelAbstractions.jl

1 using CUDA
2 import JACC
3 JACC.@init_backend
4

5 N = 32
6 a = JACC.ones(Float32, N, N)
7

8 function mul2_kernel!(A)
9 i = (blockIdx().x − 1) ∗ blockDim().x

+ threadIdx().x
10 j = (blockIdx().y − 1) ∗ blockDim().y

+ threadIdx().y
11 @inbounds A[i,j] = 2. ∗ A[i,j]
12 return nothing
13 end
14

15 CUDA.@sync begin
16 CUDA.@cuda threads=(N,N) blocks

=(1,1) mul2_kernel!(a)
17 end
18

19 @show all(a .== 2.f0)

(b) JACC + CUDA.jl

Fig. 4: Interoperability between JACC and JuliaGPU models.

Differences relative to KernelAbstractions.jl and Kokkos syntax

Figure 5 showcases syntax differences between (a) a minimal parallel_for kernel
written in Kokkos, (b) KernelAbstractions.jl, and (c) JACC for the simple triad

kernel. Even for a minimal parallel_for kernel, Kokkos incorporates several cus-
tom constructs (e.g., View, KOKKOS_LAMBDA) and pointers that must be added in a
general language like C++ . KernelAbstractions.jl is a portable CUDA/HIP-like fine-
granularity model in the JuliaGPU ecosystem exclusively for GPU kernel portability.

9



As seen from the code snippet and according to their latest documentation, users must
track vendor-specific memory allocation and kernel launching. JACC can be seen as
a higher-level programming model than KernelAbstractions.jl: JACC users can adapt
between coarse (CPU) and fine (GPU) granularity using the widely adopted Julia
Preferences.jl package mechanism (LocalPreferences.toml) so that user code does
not contain any vendor-specific information. Thus, JACC is closer to the Kokkos,
RAJA, or SYCL APIs for C++ , as they all aim to enable users to focus on writing one
code and offload low-level aspects to the library, but JACC provides a more concise
and targeted interface thanks to Julia’s metaprogramming and mathematical syntax.
Nevertheless, Julia’s performance portability libraries still require a great deal of test-
ing and evaluation to improve the language’s capabilities for high productivity and
performance.

1 template <class T> void KokkosStream<T>::triad(){
2 Kokkos::View<T∗> a(∗d_a); ...
3 Kokkos::parallel_for(array_size, KOKKOS_LAMBDA (const long index){ a[index] = b[

index] + alpha ∗ c[index]; });
4 Kokkos::fence(); }

(a) C++ Kokkos parallel_for API

1 import KernelAbstractions as KA
2 using CUDA: CuArray
3 #using AMDGPU: ROCArray
4 #using oneAPI: oneArray
5 #using Metal: MtlArray
6

7 N = 10_000
8 a = CuArray.zeros(Float32, N, N)
9 b = CuArray.ones(Float32, N, N)

10 c = CuArray.ones(Float32, N, N)
11 #a = ROCArray.zeros(Float32, N, N)
12 #b = ROCArray.ones(Float32, N, N)
13 #c = ROCArray.ones(Float32, N, N)
14 ...
15 alpha = Float32(1.0)
16

17 KA.@kernel function triad(a, b, alpha, c)
18 I, J = KA.@index(Global)
19 @inbounds a[I,J] = b[I,J] + alpha ∗ c[I

,J]
20 end
21

22 backend = KA.get_backend(a)
23 workgroup_size = 64
24 triad(backend, workgroup_size)(a, b,

alpha, c, ndrange=size(a))
25 KA.synchronize(backend)
26 end

(b) Julia KernelAbstractions.jl from
the v0.9.41 documentation

1 # Set a backend with Preferences.jl
2 import JACC
3 # "CPU" or
4 # "CUDA", "AMDGPU", "oneAPI", "Metal"
5 JACC.set_backend("CUDA")

1 # User code
2 import JACC
3 JACC.@init_backend
4

5 function triad(i, j, a, b, alpha, c)
6 @inbounds a[i,j] = b[i,j] + alpha ∗ c[i,j]
7 return
8 end
9

10 N = 10_000
11 a = JACC.zeros( Float32, (N,N) )
12 b = JACC.ones( Float32, (N,N) )
13 c = JACC.ones( Float32, (N,N) )
14 alpha = Float32( 1.0 )
15

16 JACC.@parallel_for range=(N,N) triad(a,
b, alpha, c)

1 ### LocalPreferences.toml
2 [JACC]
3 backend = "CUDA"

(c) Julia JACC portable APIs

Fig. 5: BabelStream triad kernel code sample showing the syntax differences between
portable programming models.
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3.2 Advancing performance-portable programming

JACC’s capabilities have continued to evolve alongside advancements in HPC node
architectures. The latest trend is the increasing use of multiple GPUs per node in
pre-exascale and exascale systems coupled with a reduction in the total number of
nodes in the overall system. Most current exascale applications targeting multiple
GPUs on the same node were designed to follow the one-accelerator-per-MPI-process
model [55], a pattern that continues to be unchanged despite the added partitioning
and communication overhead and the increasing resources at the node level.

    
    CPU

JACC 

JACC            
GPU arrays

GPU-0 kernel-0

kernel-1

kernel-0
kernel-1

sync = true

sync = false

Backend = :threads

kernel-0

Backend = :amdgpu, 
:cuda, :oneapi, :metal

JACC            
CPU arrays

JACC.create_stream() - 
NVIDIA and AMD GPUs 
only

blocks/threads

– or –

JACC.synchronize()

APIs:
JACC.array → Base.Array, CuArray,                     
ones, zeros,     ROCArray,  oneArray,                    
fill                     MtlArray
JACC.@parallel_for
JACC.@parallel_reduce

In-kernel: 
JACC.shared(x)
JACC.BLAS
JACC.@atomic

(a) JACC default programming capabilities schematics

CPU

JACC.Multi 

JACC            
GPU arrays 

GPU-0 GPU-1

GPU-2 GPU-3

kernel-0

kernel-0

kernel-0

kernel-0

(b) JACC.Multi schematics

CPU

JACC.Async 

JACC            
GPU arrays

GPU-0 GPU-1

GPU-2 GPU-3

kernel-1-0

kernel-3-0

kernel-0

kernel-2

kernel-1-1

kernel-3-0

(c) JACC.Async schematics

Fig. 6: JACC programming models for exascale nodes

As seen in Fig. 6, JACC v1.0 provides additional programming models to explore
suitable paradigms for the exascale era. First, Fig. 6a presents the canonical single
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CPU or GPU kernel launching mechanisms of the default APIs shown in Fig. 3. This
model is suitable for development environments at small scales (laptops, desktop,
single-GPU nodes, or cloud systems for testing and deployment). Due to its metapro-
gramming nature, JACC array types are compiled as aliases for the vendor-specific
backend of choice (e.g., Julia CPU Array, CuArray, ROCArray). As shown in Fig. 7,
this model allows for competitive performance portability for the common conjugate
gradient (CG) algorithm on a single CPU or GPU, as reported by Valero-Lara et
al. [20], relative to JuliaGPU vendor-specific implementations. We show that JACC
offers minimal overhead with respect to its JuliaGPU backends, which is a promising
starting point toward achieving full performance on more domain-specific workloads.

Fig. 7: JACC CG times on an AMD Rome CPU, AMD MI100 GPU, NVIDIA A100
GPU, and Intel MAX 1550 GPU compared with those of the JuliaGPU backends from
Valero-Lara et al. [20].

Other advanced capabilities include the creation of several GPU compute
streams on the same device. This allows for concurrent execution of indepen-
dent kernels on a single GPU such that users can overlap separate parts of their
calculations and make better use of available GPU compute resources. JACC
also provides capabilities required in user kernel development (“in-kernel”): shared
memory (JACC.shared), BLAS subroutines (JACC.BLAS), and atomic operations
(JACC.@atomic). JACC.shared provides a way to allocate and exploit read-only mem-
ory caches (e.g., block-level memory) on GPUs. Figure 8 shows that a simple line of
code, JACC.shared(x), for reusing block-level “shared” GPU memory can accelerate
convolution operations that involve a matrix × a filter (i.e., small read-only matrix),
which are critical for certain classes of AI kernels. Depending on the array input size
and convolution filter size, speedups of 2–3× on an NVIDIA A100 GPU and 1–2× on
an AMD MI250X GPU can be achieved.
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(a) NVIDIA A100 GPU (b) AMD MI250X GPU

Fig. 8: JACC.shared execution time and speedup for a convolution operation on (a) a
Perlmutter NVIDIA A100 and (b) a Frontier AMD MI250X GPU node from Valero-
Lara et al. [56].

JACC also provides access to the widely used BLAS libraries in a portable way. The
current version provides access to level 1 subroutines, and we plan to expand access
to other levels as needed by applications and as available in the JuliaGPU ecosys-
tem (e.g., wrapping vendor BLAS libraries). Atomic operations inside JACC kernels
are available via the Atomix.@atomic macro (imported as JACC.@atomic), which is
already integrated and supported by the current JuliaGPU backends packages. Thus,
users can leverage out-of-the-box advanced functionality for writing their kernels.

Two newly integrated programming paradigms, JACC.Multi and JACC.Async,
allow JACC users to explore multi-GPU execution on a single node for intra-node
acceleration without the need for complex MPI APIs for partitioning and communi-
cation. The JACC.Multi programming paradigm is shown in Fig. 6b in which a single
kernel (e.g., kernel-0) can be executed using a single-instruction, multiple-data model,
partitioning arrays, and kernel workloads across the available GPUs on the node. As
reported by Valero-Lara et al. [57] and shown in Fig. 9, JACC.Multi implementations
of an Euler 5-point stencil solver (widely used in transport phenomena in fluid dynam-
ics, radiation and thermal transfer, etc.) can achieve speedups of 1.7× and 5× on
NVIDIA (Hudson, 2 H100 GPUs) and AMD (Frontier, 8 MI250X GPUs) multi-GPU
powered nodes when compared to the canonical JACC implementation using the one-
GPU-per-MPI-process model. Thus, JACC.Multi provides a path to performance as
more GPUs are added per HPC node.
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(a) NVIDIA 2 H100 GPUs (b) AMD 8 MI250X GPUs

Fig. 9: JACC.Multi execution time and speedup for the Euler method on (a) a Hudson
NVIDIA H100 2-GPU node and (b) a Frontier AMD MI250X 8-GPU node from
Valero-Lara et al. [57].

Similarly, JACC.Async extends the concept of asynchronous task-based program-
ming to multiple GPU accelerators. As shown in Fig. 6c, JACC.Async enables users
to launch different concurrent kernels across the GPUs available within a compute
node. The advantages and trade-offs of these models and their JACC implementa-
tions are still under exploration, and these paradigms are expected to be integrated
with existing inter-node implementations of MPI.jl to support large-scale runs. Such
approaches may be particularly useful for new critical applications—such as GPU
workloads driven by AI training, convolution, or inference—that can benefit from
minimizing intra-node overheads.

Programming for JACC.Multi and JACC.Async is written in JACC with a sim-
ple modular interface that allows users to port their codes to these new paradigms.
As seen in Fig. 10 for simple axpy and dot product operations, porting from an ini-
tial canonical single-CPU/GPU JACC implementation (Fig. 10b) is straightforward
for both models. Using the same kernel functions defined in Fig. 10a, the result-
ing JACC.Multi code in Fig. 10c requires only adding the submodule name “Multi”.
Users can implement device-specific logic inside their function, but the expectation
is that most workloads should be balanced across all multi-GPU devices. Similarly,
and because of the already independent nature of each JACC array and kernel, port-
ing to an explicit task-based model implementation via JACC.Async is a low-effort
task. Figure 10d showcases the use of JACC.Async for independent axpy and dot
product operations. The key element is the inclusion of a “task id” to identify each
asynchronous execution context that is independent of the underlying hardware (e.g.,
number of GPUs, execution stream, etc.). JACC will then schedule the tasks using a
round-robin strategy, abstracting all the implementation details from users who want
to incorporate productive task-based parallelism in their algorithms.
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1 # Multidimensional arrays
2 SIZE = 1_000
3 x = round.(rand(Float64,SIZE,SIZE)∗100)
4 y = round.(rand(Float64,SIZE,SIZE)∗100)
5 al = 2.5
6

7 function axpy(i, j, alpha, x, y)
8 @inbounds x[i,j] = x[i,j] + alpha ∗ y[i,j]
9 end

10

11 function dot(i, j, x, y)
12 @inbounds return x[i,j] ∗ y[i,j]
13 end

(a) CPU Arrays and Kernel Functions

1 ...
2

3 dx = JACC.array(x)
4 dy = JACC.array(y)
5

6 JACC.parallel_for((SIZE,SIZE),
7 axpy, al, dx, dy)
8

9 res = JACC.parallel_reduce(
10 (SIZE,SIZE), dot, dx, dy)

(b) JACC axpy/dot

1 ...
2

3 dx = JACC.Multi.array(x)
4 dy = JACC.Multi.array(y)
5

6 JACC.Multi.parallel_for((SIZE,SIZE),
7 axpy, al, dx, dy)
8

9 res = JACC.Multi.parallel_reduce(
10 (SIZE,SIZE), dot, dx, dy)

(c) JACC.Multi axpy/dot

1 ...
2

3 dx1 = JACC.Async.array(1, x)
4 dx2 = JACC.Async.array(2, x)
5 dy1 = JACC.Async.array(1, y)
6 dy2 = JACC.Async.array(2, y)
7

8 JACC.Async.parallel_for(1,
9 (SIZE,SIZE),axpy,alpha,dx1,dy1)

10

11 res = JACC.Async.parallel_reduce(2,
12 (SIZE,SIZE),dot,dx2,dy2)
13

14 JACC.Async.synchronize()
15 # optionally
16 # JACC.Async.synchronize(task_id)

(d) JACC.Async axpy/dot

Fig. 10: JACC single CPU/GPU, Multi-GPU and Async implementations of axpy

3.3 JACC’s Internal Architecture

JACC’s high-level capabilities are possible due to the pre-existing functionality in
Julia and the JuliaGPU ecosystem. As shown in Fig. 11, JACC’s internal architec-
ture unifies the existing Julia CPU multithreading (via Polyester.jl and the built-in
Base.Threads) and GPU backends that build on top of the Julia, LLVM, and vendor-
specific toolchains. To achieve this unique high-level “all-in-one” framework, JACC
makes novel use of the Julia language’s distinctive features and how they impact each
aspect of the development process.

• JIT metaprogramming and LLVM compilation: JACC lowers plain Julia func-
tions to native CPU or GPU code at runtime. All JuliaGPU backends (CUDA.jl,
AMDGPU.jl, oneAPI.jl, Metal.jl) share GPUCompiler.jl [58, 59] and LLVM.jl as a
common kernel compilation layer that lowers Julia IR to the vendor targets (PTX,
GCN, SPIR-V, AIR). JACC inherits this shared infrastructure, so supporting a
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new vendor carries near-zero incremental compilation cost, and it enables interop-
erability with the broader Julia HPC ecosystem—JuliaGPU, vendor tools, MPI.jl,
and KernelAbstractions.jl—through a single high-level codebase.

• Precompilation and Multiple Dispatch: Precompiling JACC with its selected back-
end reduces JIT times and multiple-dispatch helps maintain near-zero performance
overhead compared to that of the native Julia backends.

• Packaging: Backends (except Polyester.jl) are maintained as optional dependencies
to reduce download times, avoid conflict with unsupported hardware, and allow
automatic dependency management through Pkg.jl.

• Interactive programming: JACC supports seamless exploratory programming on
CPUs and GPUs through the interactive Julia REPL.

• Dynamic type system: ensures compatibility between supported data types and the
underlying hardware, with some hardware-specific exceptions (e.g., unsupported
FP64 on Apple and some Intel GPUs).

The result is an internal layered architecture that builds on each vendor-specific
backend, with calls from scientific HPC applications dynamically dispatched using
JACC. JACC leverages all these community investments, adopting a “backend-first,”
extensible development model that shifts development costs away from the end user.

Julia / LLVM Compiler

CPU NVIDIA
GPU

AMD
GPU

Intel
GPU

Threads 
Polyester.jl CUDA.jl AMDGPU.jl oneAPI.jl Other 

backends

  HPC Science Applications
Portable, Performant, Productive, Interactive, Mathematical

Metal.jl

Apple 
GPU

Other 
architectures

nd array, zeros, ones, fill

Multi-GPU shared memory

parallel_for parallel_reduce
BLAS

Async
Atomic LaunchSpec

CPU 

JuliaGPU

GPU 

Julia.
Base

High level
single code
(low cost)

Hidden
   

Low level 
vendor 

backends
(high cost)

Unique 
all-in-one 
portable

interfaces

Novel 
capitalization
of Julia’s key 
techniquesMultiple dispatch Interactive

MetaprogrammingMath syntax
Packaging

Just In Time Dynamic types
Memory safety

Fig. 11: JACC schematic architecture, which leverages Julia’s unique programming
model capabilities and CPU and GPU backends.
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Software engineering

JACC follows a canonical Julia package structure, as depicted in Fig. 12. This modular
design allows each module and backend-specific extension to be defined separately, giv-
ing a clear scope for decentralized development. Although Julia lacks object-oriented
programming capabilities such as those in Python or C++ , the current design is
based on Julia’s modules and sub-modules, which enables a clear separation between
backend-specific connectors in src for CPU Threads and those in ext for optional
vendor-specific GPU backend packages. In addition, JACC uses the ReTest.jl pack-
age for unit testing and continuous integration (CI): GitHub Actions runners are
used for CPUs, and Oak Ridge National Laboratory’s (ORNL’s) Experimental Com-
puting Laboratory (ExCL)2 is used for GPU tests. The JACC repository follows
best practices and is recognized with an OpenSSF badge, which enables coordinated
contributions and advancement of the software capabilities. JACC leverages recent
general features in the Julia language (version 1.12 as of mid-2026)—in particular,
the inclusion of optional weak package dependencies in Julia v1.9 and more aggressive
precompilation capabilities since the Julia v1.10 release.

2https://www.excl.ornl.gov/
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JACC.jl

src

JACC.jl

threads

threads.jl

array.jl

async.jl

multi.jl

blas.jl

macro.jl

preferences.jl

experimental

...

ext

AMDGPUExt

AMDGPUExt.jl

array.jl

async.jl

multi.jl

blas.jl

CUDAExt

CUDAExt.jl

...

MetalExt

MetalExt.jl

...

oneAPIExt

oneAPIExt.jl

...

tests

runtests.jl

unittests.jl

backend

...

benchmarks

...

.github/workflows

ci-cpu

ci-gpu-AMD

ci-gpu-Apple

ci-gpu-NVIDIA

ci-gpu-Intel

Fig. 12: JACC extensible internal code structure, which reuses Julia’s package struc-
ture and includes optional package dependencies (ext) for GPU backends.

4 Impact on Science Users

This section describes some of the reported use cases that have seen early adoption
of JACC and examines their impact on scientific application development beyond the
benefits of performance portability. This section also illustrates the multi-disciplinary
appeal of Julia and JACC for actual HPC users.

Computational Fluid Dynamics

JACC is currently being used at the European Centre for Research and Advanced
Training in Scientific Computation (CERFACS) for the development of next-
generation CFD codes. CERFACS was exploring how to write CFD codes with four
key requirements—performance, portability, ease of use, and a low barrier to entry—so
that scientists, not just software experts, can read, understand, and contribute to the
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code. The Julia language was one of the most promising paths to develop lattice Boltz-
mann solvers for a real CFD application. JACC is a key enabler in Julia’s adoption, as
the same codebase ran on NVIDIA, AMD, and Intel GPUs as well as multi-threaded
CPUs. As seen in Fig. 13, the Julia+JACC implementation (BLAST-JACC) ran with
competitive portable performance when compared to the more complex C++ OpenCL
state-of-the-art FluidX3D code [60], and it did so without the need to maintain sepa-
rate vendor-specific backend kernels. When Metal support was later added to JACC,
BLAST ran on Apple GPUs with zero changes, which enabled rapid development of
new large-scale HPC solver code on Apple laptops.

Fig. 13: JACC performance-portable results on a real CFD code lattice Boltzmann
method solver. Credit: CERFACS.

Multiphysics Solvers

Similarly, JACC has been adopted by scientists at the New Jersey Institute of Tech-
nology (NJIT) for their Jexpresso [61] framework for multiphysics applications such
as fluid dynamics, radiative transfer, and magnetohydrodynamics. JACC enables Jex-
presso to run performance-portable CPU/GPU simulations with performance on par
with NJIT’s legacy Fortran codes, as reported by Marras et al. [46]. JACC enables
seamless interoperability with MPI.jl for a combined intra-/inter-node parallelization
of the solver and allows multi-threading, which proved to be extremely advantageous
for applications such as Jexpresso in leveraging large nodes with up to 128 cores.

Science Facilities

As reported by Hahn et al. [62], JACC has been used to study the integration between
experimental neutron scattering at the Spallation Neutron Source (SNS) and com-
putational facilities at the Oak Ridge Leadership Computing Facility (OLCF), at
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ORNL. JACC enabled scientists to conduct design exploration to speed up their state-
of-the-practice CPU-only reduction workflows for neutron scattering cross section
calculations. The study produced proxy applications that showed JACC and Julia’s
ability to support performant CPU and GPU code for next-generation experimental
science software.

Scientists at RIKEN, Japan’s leading national comprehensive research institute,
are exploring performance-portable CPU/GPU programming systems for the next-
generation FugakuNEXT supercomputer, equipped with Fujitsu CPUs and NVIDIA
GPUs. This development is a departure from Fugaku, one of the two CPU-only HPC
systems in the top 10 fastest supercomputers in the world, and the transition requires
porting several CPU-only legacy codes (e.g., Fortran + OpenMP or OpenACC) to
a CPU/GPU performance-portable programming environment. As presented in their
basic technical report for Fugaku [63], JACC is one of the technologies being explored
to enable this transition, as the Julia language has gained traction in recent years
among users.

Quantum Chromodynamics

Recent work by Nagai et al. [64] demonstrates a new approach to developing
hybrid Monte Carlo (HMC) simulations for lattice gauge theories, including lattice
quantum chromodynamics (QCD). By combining JACC with the automatic differen-
tiation (AD) package Enzyme.jl [65], the lattice action can be implemented once as
performance-portable Julia code, while the corresponding HMC force is automatically
generated through AD at the LLVM-IR level. Importantly, JACC allows both the orig-
inal action calculation and the automatically differentiated force calculation to remain
performance portable across CPU and GPU architectures. This approach eliminates
the need to manually derive, implement, and maintain architecture-specific force ker-
nels, which can be particularly labor-intensive and error-prone for complicated lattice
actions. GPU implementations using JACC achieved reported speedups of approxi-
mately 40–50× over the corresponding single-threaded CPU implementations while
retaining a single source implementation. JACC has also been integrated into the
JuliaQCD framework [66], in which it provides a performance-portable foundation for
lattice QCD simulations on heterogeneous computing architectures.

Quantum Magnetism

Sunny.jl [67] is a Julia package for simulating spin dynamics in magnetic materials
and computing the inelastic neutron scattering spectra measured at facilities such as
ORNL’s SNS. Modeling chemical disorder requires running spin wave theory on super-
cells, which can take an hour or more to execute. Multimodal AI for 2D Quantum
Magnets (MAIQMag), a DOE Genesis Mission AI Pathfinder effort applying machine
learning to quantum magnetism, conducted exploratory work to accelerate this cal-
culation and compared Julia’s portability options on two kernels that dominate its
runtime. The JACC implementation of the reduction achieved performance within
about twelve percent of a hand-written CUDA kernel on an NVIDIA H100, and the
complete intensity calculation stayed within roughly ten percent of both CUDA and
KernelAbstractions.jl on NVIDIA and AMD hardware. The same kernels ran from one
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source across AMD, Apple, Intel, and NVIDIA GPUs. This accelerated path brings
a large disordered supercell calculation from about an hour of serial computation
down to seconds on a single GPU. This experiment shows that JACC’s higher-level
abstraction costs little for kernels important to Sunny.

5 New Science Directions

This section discusses emerging scientific directions in which JACC is being explored
for new user communities.

5.1 Quantum Computing

Quantum computing is a novel computing technology that uses quantum mechanics to
carry out information processing tasks. The interest in quantum computation is due
in part to the idea that there are, theoretically, algorithms that can perform certain
computations much faster than can conventional computing approaches [68–71]. One
of the central challenges of quantum computing currently is in constructing quantum
processors such that they are relatively error free but can also execute large quantum
programs. Doing so requires systematic error correction to be implemented in the pro-
cessors in order to remove the effects of decoherence and various other sources of error.
These technical challenges mean that quantum computing is currently in the “NISQ-
era” [72], meaning noise largely dominates relatively short-depth circuit computations,
and the total number of qubits that can be used in a single coherent computation is
on the order of hundreds to, in some rare cases, thousands of qubits. On this path to
large-scale quantum computers, there is a variety of HPC and parallel classical com-
pute techniques that must be utilized in order to engineer the quantum algorithms
and software that will eventually be needed. Here, we outline three classes (which are
not comprehensive) of algorithms and techniques used in quantum computation that
can be greatly accelerated by CPU or GPU parallelization in Julia via JACC.

The first is quantum compilers. Digital quantum algorithms are expressed as a
quantum circuit. Like any other circuit abstraction, there must exist software infras-
tructure to adapt gate instructions to equivalent sets of instructions, route and compile
a circuit to a particular quantum computer architecture, and, most importantly, opti-
mize a given circuit to reduce the overall number of instructions that are required to
express that operation. All of this compute is performed on a classical co-processor.
There do exist current software libraries for expressing and optimizing quantum cir-
cuits; however, they are not currently built to be efficient (in memory or compute
time) for very large-scale quantum circuits [73, 74]. Moreover, there exists a type of
quantum compiling known as unitary synthesis, in which the goal is to compile an
arbitrary quantum unitary U into a set of hardware-native universal instructions (such
as CX, RZ, and H) [75]. This task is highly computationally intensive in general, and
even with parallelized HPC techniques, the current state of unitary compilation pro-
duces circuits that are very large, making them effectively impossible to implement
on near-term hardware. Parallelized acceleration of any aspect of quantum compilers
would be useful in quantum computing because it would allow larger circuits to be
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defined and optimized [76], and it would also allow smaller circuits to be expressed
using fewer total quantum instructions.

The second is quantum algorithmic validation. Because no large-scale error-
corrected quantum computers currently exist, it is challenging to implement quantum
algorithms and test granular properties of these algorithms (e.g., hyperparameter
tuning, exact resource–accuracy scaling, or the effects of approximation techniques).
Therefore, for quantum algorithms the circuit sizes of which exceed the capabilities of
current NISQ computers, the only current way to validate the performance of a quan-
tum algorithm in detail is to use classical simulations of the quantum algorithm (such
as using tensor network methods) [77–83]. In part, this aspect of the field includes
the state-of-the-art competition between the largest quantum advantage demonstra-
tions [81, 84–86] and clever classical algorithms paired with HPC compute [87–92].
These types of computations include NISQ computer benchmarking protocols that
require classical compute, such as quantum volume [93–96]. These simulations inher-
ently have a strongly exponential classical compute cost because such algorithms
cannot be executed or implemented efficiently at scale classically. Therefore, they
must be implemented using parallelization, HPC, GPU acceleration, and a variety
of algorithmic approximations in order to run in any reasonable amount of time in
the intermediate system size regime. Accelerator tools such as JACC could acceler-
ate these numerical computations, such as tensor network methods or even full exact
statevector calculations, which would then aid in improved understanding of quantum
algorithmic properties for algorithms run on future quantum computers.

The third is efficient quantum state and time evolution representation. Certain
types of quantum circuits exist that must be used as sub-routines in other quantum
algorithms that are costly to implement because of their large quantum gate counts.
A good example of this is the approximation of the time dynamics eiHt, where H

is a quantum Hamiltonian. Another good example is ground-state preparation of a
quantum Hamiltonian. Quantum state preparation that has substantial overlap with a
ground-state of a quantum Hamiltonian of interest is a critical sub-routine in the quan-
tum phase estimation algorithm, and preparing such a state for large-scale quantum
Hamiltonians is generally difficult. In both of these cases, there also exist certain algo-
rithms, typically tensor network–based classical algorithms, that can prepare efficient
circuit representations of these subroutines for arbitrarily large systems—provided
that the quantum Hamiltonian satisfies certain connectivity restrictions. In particular,
they typically need to be one-dimensional in order for these methods to achieve high
accuracy [97–101]. These techniques can effectively be viewed as a type of machine
learning as well as a type of quantum compilation. The limitation of these methods,
however, is the upfront classical compute cost to define these states, which can be
accelerated using CPU/GPU parallelism. The other limitation of these methods is
that they are not necessarily generally applicable, at least for the current form of the
algorithms. Once the recipe is devised to construct these states, they can then be
implemented on a quantum computer and be used as a sub-routine. We aim to do the
exploration taking advantage of the high-productivity path provided by JACC and
the Julia language.
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5.2 Intelligent Runtimes

JACC by itself provides a clean, vendor-agnostic interface for writing data-parallel
kernels that can be compiled to either CPU or GPU backends. To fully exploit a truly
heterogeneous multi-device environment, however, an intelligent runtime such as IRIS
[102–104] is required. IRIS handles the orchestration of task kernels across heteroge-
neous devices, automatically mapping each kernel to the most suitable accelerator,
managing data movement [105] between host and device memories, and launching
multiple kernels in a task-parallel fashion. Its scheduler dynamically assigns streams
on devices that support asynchronous execution, maximizes concurrency within a sin-
gle GPU, and resolves data flow dependencies between kernel tasks so that execution
order is preserved without manual synchronization.

The integration of JACC into this runtime environment decouples kernel imple-
mentation from hardware orchestration. While IRIS manages the high-level task graph
and data movement, JACC provides the underlying hardware-agnostic capabilities
required for execution. In this way, developers would not need to provide multiple
vendor-specific implementations of the same kernel. Instead, a single JACC kernel can
be dispatched by IRIS to any discovered accelerator. And the Julius framework that
leverages this combination would enable true end-to-end portability such that both
the task scheduling and the kernel execution are independent of the underlying hard-
ware. It would thus do so without introducing the performance overhead typically
associated with high-level abstractions.

1 using Julius
2

3 function axpy_jacc(i, Z, A, X, Y) # JACC kernel
4 @inbounds Z[i] = A*X[i] + Y[i]
5 end
6

7 X1, X2 = (rand(Float32, N), rand(Float32, N))
8 Y1, Y2 = (rand(Float32, N), rand(Float32, N))
9 (Z1, Z2) = (Array{Float32}(undef, N), Array{Float32}(undef, N)

)
10 Z = Array{Float32}(undef, N)
11 A = 10.0f0
12

13 task0 = Julius.@jparallel_for wait:false axpy(Z1, A, X1, Y1)
14 task1 = Julius.@jparallel_for wait:false axpy(Z2, A, X2, Y2)
15 task2 = Julius.@jparallel_for wait:false axpy(Z, A, Z1, Z2)
16 Julius.wait(task2)
17 println("Z:", Z)

Fig. 14: JACC AXPY kernel with Julius runtime tasks.

The Julius example shown above demonstrates how a single, type-invariant JACC
kernel (AXPY) written in pure Julia can be compiled by JACC in a device-agnostic man-
ner and executed across heterogeneous hardware. By submitting three @jparallel_for

tasks—computing Z1 = AX1+Y1, Z2 = AX2+Y2, and finally Z = AZ1+Z2—Julius’
intelligent runtime automatically discovers all available CPUs or GPUs, orchestrates
data movement, and schedules the kernels in parallel, leveraging multiple streams on
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asynchronous devices while resolving data dependencies without explicit synchroniza-
tion. Consequently, the same source code runs identically on CPU-only, single-GPU,
or multi-GPU nodes and thus offers high productivity (through type-invariant, con-
cise syntax), high performance (via automatic parallelization and dynamic runtime
scheduling), and reduced development overhead.

5.3 Agentic AI-Assisted Development with JACC

The advent of LLMs and agentic AI has transformed the field of software engineering,
and HPC code development is no exception [106, 107]. Recent research has shown
that LLMs can reason about HPC parallel code [108–110], including more targeted
languages like Julia [111–113]. Elevating the abstraction of HPC code via JACC would
reduce the need for large context windows in LLMs such as those required for more
general-purpose languages like Python or C++ . This is an area that still needs to
be explored because HPC code is mostly written in compiled languages like C++
and Fortran. Julia and JACC could provide the crucial balance between agentic AI
generation and human understanding as frontier models continue to advance, opening
several opportunities for increased AI advantage in science.

6 Conclusions

In this paper, we present the first stable version of JACC, v1.0, a performance-portable
library in the high-productivity LLVM-compiled Julia language. JACC provides a uni-
fied vendor-neutral API that enables users to write a single Julia code that can be
deployed on CPUs and GPUs, leveraging the JuliaGPU ecosystem of vendor-specific
backends. In this paper, we discuss the stable JACC v1.0 public APIs, the internal
architecture that enables vendor-neutral computing while leveraging Julia’s unique
capabilities, the impact on current scientific users, and future directions for the library,
including science exploration in quantum computing, intelligent runtimes, and agen-
tic AI. JACC closes a gap in the Julia ecosystem by providing a package that is
well-suited for HPC prototyping: developers can write and test kernels on a laptop
CPU or GPU and then deploy them to multi-GPU supercomputer nodes with min-
imal or no changes to the application code. Users of the default APIs do not need
prior CPU/GPU programming knowledge to parallelize their codes because JACC
provides low-level performance APIs (e.g., blocks, threads, async, shared memory,
stream, multi-GPU, etc.) for hardware-specific optimizations. JACC also advances
the programmability of the latest exascale computing nodes equipped with multiple
GPUs via the novel single-instruction, multiple-data JACC.Multi and the task-based
JACC.Async capabilities as a natural extension of the current JACC portable single-
device APIs. In addition, JACC’s design enables interoperability with JuliaGPU’s
KernelAbstractions and vendor-specific backends (CUDA.jl, AMDGPU.jl, oneAPI.jl
and Metal.jl), MPI.jl for inter-node parallelization including GPU-aware communica-
tion, and performance analysis tools. This interoperability enables users of existing
components to transition incrementally toward fully portable HPC code. This paper
introduces the JACC open-source framework to a broader audience seeking to explore
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new paradigms in their scientific computing application areas, and it contributes to
the adoption of the Julia language and ecosystem for science.
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Appendix A JACC Software Artifacts

Repository https://github.com/JuliaGPU/JACC.jl
Current version (08/2026) v1.3.1
License MIT license
Language Julia (v1.11 minimum)
Package Stats https://juliapkgstats.com/pkg/JACC
User documentation https://juliagpu.github.io/JACC.jl/stable
OpenSSF best practices badge https://www.bestpractices.dev/en/projects/12117/passing
Examples and Tutorials https://github.com/JuliaORNL/JACC-applications
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