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Exascale introduces significant complexities

NVIDIA HGX Grace Hopper • Challenges: concurrency, memory 
hierarchies, and heterogeneity

• Algorithms, tools, libraries, languages 
need to adapt to accordingly

• Three decades of top-ranked systems 1

AMD Instinct MI300X Accelerator

• Half-precision executes at nearly 1 Pflop/s

4
1 Dongarra, Jack, and David Keyes. "The co-evolution of computational physics 
and high-performance computing." Nature Reviews Physics (2024).



: Driving Adaptability
• Julia is easy, expressive, and robust

• Julia leverages the LLVM compiler

• Julia supports dynamic type inference

• Julia's multiple dispatch makes it composable

• Julia supports various parallel computing 
paradigms

• Julia's GPU ecosystem is very rich

Metal.jl

Julia Multithreading Julia Distributed

JuliaGPU

5
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Overview of 
Julia For HPC

Performance, Portability, 
and Productivity



Julia for HPC
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Distributed Computing

Static and dynamic threads
CUDA.jl AMDGPU.jl Metal.jlOneAPI.jl

GPUArrays.jl
Easy array programming
Reusable GPU array functionality 
for Julia's various GPU backends.

KernelAbstractions.jl
GPU-like kernels targeting CPU and different execution backends

Accelerators Shared Memory

Floops.jl

Threads.jl DistributedNext.jl

MPI.jl

Dagger.jl

Generate a fast generic 
sequential and parallel for 
iteration 

Create and control multiple 
Julia remote processes.

Julia interface to the Message 
Passing Interface (MPI)

Julia native asynchronous 
many-task runtime



Vendor-Specific Kernel Programming
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cudaMalloc((void **) &a, 512*4);
cudaMemcpy(a, ..., 512*4, ...);

cudaMalloc((void **) &b, 512*4);
cudaMemcpy(b, ..., 512*4, ...);

cudaMalloc((void **) &c, 512*4);

__global__ void vadd(float *a, float *b, float *c) {
    int i = threadIdx.x;
    c[i] = a[i] + b[i];
}
vadd<<<512>>>(a, b, c);

CUDA

hipMalloc((void **) &a, 512 * 4);
hipMemcpy(a, ..., 512 * 4, ...);

hipMalloc((void **) &b, 512 * 4);
hipMemcpy(b, ..., 512 * 4, ...);

hipMalloc((void **) &c, 512 * 4);

__global__ void vadd(float *a, float *b, float *c) {
    int i = threadIdx.x;
    c[i] = a[i] + b[i];
}
vadd<<<1, 512>>>(a, b, c);

HIP
SYCL
buffer<float> a_buf(..., 512);
buffer<float> b_buf(..., 512);
buffer<float> c_buf(512);

queue.submit([&](handler &h) {
    accessor a(a_buf, h, read_only);
    accessor b(b_buf, h, read_only);
    accessor c(c_buf, h, write_only, noinit);

    h.parallel_for(num_items,
        [=](auto i) {
            c[i] = a[i] + b[i];
        });
});

Metal
id<MTLBuffer> a = [device newBufferWithLength:512*4];
memcpy(a.contents, ..., 512*4);
id<MTLBuffer> b = [device newBufferWithLength:512*4];
memcpy(b.contents, ..., 512*4);
id<MTLBuffer> c = [device newBufferWithLength:512*4];
kernel void vadd(device float *a,
                 device float *b,
                 device float *c,
                 uint i [[thread_position_in_grid]]) {
    c[i] = a[i] + b[i];
}



Vendor-Specific Kernel Programming in Julia

9

CUDA.jl

AMDGPU.jl

Metal.jl

OneAPI.jl

CUDA.jl
using CUDA

N = 512
a = CuArray(rand(N))
b = CuArray(rand(N))
c = similar(a)

function vadd(a, b, c)
    i = threadIdx().x
    c[i] = a[i] + b[i]
    return
end

@cuda threads=N vadd(a, b, c)

AMDGPU.jl
using AMDGPU

N = 512
a = ROCArray(rand(N))
b = ROCArray(rand(N))
c = similar(a)

function vadd(a, b, c)
    i = workgroupIdx().x
    c[i] = a[i] + b[i]
    return
end

@roc threads=N vadd(a, b, c) 

OneAPI.jl
using oneAPI

N = 512
a = oneArray(rand(N))
b = oneArray(rand(N))
c = similar(a)

function vadd(a, b, c)
  i = get_global_id()
  c[i] = a[i] + b[i]
  return
end

@oneapi items=N vadd(a, b, c)

Metal.jl
using Metal

N = 512
a = MtlArray(rand(N))
b = MtlArray(rand(N))
c = similar(a)

function vadd(a, b, c)
    i = 
thread_position_in_grid_1d()
    c[i] = a[i] + b[i]
    return
end

@metal threads=N vadd(a, b, c)

Julia Packages



KernelAbstractions.jl:  Macro-based Kernel API
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# Choose your backend: CUDA, AMDGPU, oneAPI, Metal
using KernelAbstractions 
using CUDA  # or: AMDGPU, oneAPI, Metal
const backend = CUDABackend()  # or: ROCBackend(), OneAPIBackend(), 
MetalBackend()

N = 512
a = KernelAbstractions.allocate(backend, rand(Float32, N))
b = KernelAbstractions.allocate(backend, rand(Float32, N))
c = KernelAbstractions.allocate(backend, Float32, N)

@kernel function vadd_kernel(a, b, c)
    i = @index(Global)
    c[i] = a[i] + b[i]
end

# Launch with N threads (1D)
kernel_instance = vadd_kernel(backend, ndrange = N)
kernel_instance(a, b, c; ndrange = N)



GPUArrays.jl

11

CUDA.jl AMDGPU.jl Metal.jlOneAPI.jl

using CUDA

T= Float32
a = CuArray(rand(T, 32, 32))
b = sum(a)
Array(b)

using AMDGPU

T= Float32
a = ROCArray(rand(T, 32, 32))
b = sum(a)
Array(b)

using OneAPI
T= Float32
a = oneArray(rand(T, 32,32))
b = sum(a)
Array(b)

using Metal
T= Float32
a = MtlArray(rand(T, 32,32))
b = sum(a)
Array(b)

view(a, 2:4, 2:4)

a*2

a'

sin.(a)

Generic type agnostic code, 
except importing packages 
or allocating arrays.

Compatible with Julia’s 
array functions

Vendor library integration

rand.jl

LinearAlgebra.jl

AbstractFFTs.jl

NNlib.jl

rand!(a)

a*a
qr!(a)

plan_fft(a) * a

softmax(a)

cuRAND, rocRAND, …

cuBlas, rocBlas,  …
cuSOLVER, rocSOLVER, …

cuFFT, rocFFT, …

cuDNN, hipDNN, …

Julia native support

map(a) do x
      x+1
end

a .+ 2b

reduce(+, a)
accumulate(+, a; dims=2)
findfirst(isequal(2), a)

Compiled to native code

Kernel support for 
broadcasting and operation 
fusion

More functionality, 
flexibility, and portability  



Dagger as Asynchronous Many-Task Runtime (AMT)
• Julia is a productive environment for designing native task-

based asynchronous runtime systems

• Dagger manages tasks across heterogeneous hardware
• CPU, GPU, …..etc

• Dagger builds a task execution flow (DAG)

• Dagger handles memory spaces for CPUs and GPUs

• Uses DArray as a basic block for managing data movement

• Uses DTask objects to schedule tasks on hardware at 
runtime, based on resource availability

12
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Julia for Dense 
Linear Algebra

One Kernel to Rule Them All



Julia LAPACK/BLAS Operations using GPUArrays.jl

(Xuan, Alomairy, et.al., 2024)
HPEC24: Best  paper award

Data type agnostic: performance across data types Hardware agnostic: Performance across CPU-GPU

CPU

CPU

GPU

Nvidia

AMD

Intel IceLacke with A100, Intel CascadeLake with A100,  AMD Milan with MI100 14

Larfb: urmqr:



SVD Computations using JuliaGPU

• SVD based on Two-stage QR factorization
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QR

LQ

Multiple Dispatch 
and

Lazy Transpose Operator 

(Kabir,e.a., 2017)

SVD

(Ringoot, Alomairy, et.al., 2025)
Submitted to ICPP



Fused TSQRT and TSMQR

16
(Ringoot, Alomairy, et.al., 2025)

Submitted to ICPP



Fused TSMQR using KernelAbstractions.jl
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@kernel function TSMQR_fused_kernel!(A, B, @Const(M), 
                            @Const(Tau), nbrows::Int)
    g = @index(Group, Linear)
    i = @index(Local, Linear)
    colB = @private eltype(A) (TILESIZE)
    colA = @private eltype(A) (TILESIZE)
    colM= @localmem eltype(A) (TILESIZE)
    colTau = @localmem eltype(A) (TILESIZE)
    @unroll for l in 1:TILESIZE
        colA[l] = A[...] 
    end
    for row in 1:nbtiles
        @unroll for l in 1:TILESIZE
            colB[l] = B[...] 
        end
        @unroll for j in 0:(TILESIZE/MULSIZE)-1
            colTau[j*MULSIZE+i]=tau[...]
        end 
 for k in 1:TILESIZE
            @unroll for j in 0:(TILESIZE/MULSIZE)-1
                colM[j*MULSIZE+i]=M[...]
            end 

@synchronize  
            tmp_sum= zero(eltype(A))
            @unroll for l in 1:TILESIZE
                tmp_sum += colM[l] * colB[l]
            end
            tmp_sum= (tmp_sum+colA[k])* colTau[k]
            colA[k] -= tmp_sum
            @unroll for l in 1:TILESIZE
                colB[l] -= tmp_sum * colM[l]
            end
            @synchronize  
        end
        @unroll for l in 1:TILESIZE
            B[...] = colB[l]
        end
    end
    @unroll for l in 1:TILESIZE
        A[...] = colA[l]
    end
end

(Ringoot, Alomairy, et.al., 2025)
Submitted to ICPP



Performance Compared to Vendor-Optimized Libraries
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• Performance of singuler value computation 
• Ratio of Julia unified implementation to cuSLOVER, rocSOLVER, and oneMKL

(Ringoot, Alomairy, et.al., 2025)
Submitted to ICPP



Performance Compared to State-of-the-Art Libraries
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• Performance of singuler value computation 
• Ratio of Julia unified implementation to MAGMA and SLATE

(Ringoot, Alomairy, et.al., 2025)
Submitted to ICPP



Hardware and Type Agnostic
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• Potability
R

un
Ti

m
e

(Ringoot, Alomairy, et.al., 2025)
Submitted to ICPP



Julia Unified TRMM/TRSM Recursive Subdivision 
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TRMM/TRSM

(Carrera, Max, Alomairy,et.al, WAMTA, 2025) 
(Original Algorithm Charara, et.al., CCPE, 2017 )

roc/cu 
BLAS
 faster

Julia
 faster



1. function cholesky!(A::DArray{T,2}) where T
 2. 
 3. Ac = A.chunks
 4. mt, nt = size(Ac)
 5. 
 6. Dagger.spawn_datadeps() do
 7. for k in range(1, mt)
 8. Dagger.@spawn LAPACK.potrf!('U', InOut(Ac[k, k]))
 9. for n in range(k+1, nt)
10. Dagger.@spawn BLAS.trsm!('L', uplo, trans, 'N', one(T), In(Ac[k, k]), InOut(Ac[k, n]))
11. end
12. for m in range(k+1, mt)
13. Dagger.@spawn BLAS.syrk!(uplo, 'T', -one(T), In(Ac[k, m]), one(T), InOut(Ac[m, m]))
14. for n in range(m+1, nt)
15. Dagger.@spawn BLAS.gemm!(trans, 'N', -one(T), In(Ac[k, m]), In(Ac[k, n]), one(T), InOut(Ac[m, n]))
16. end
17. end
18. end
19. end
20. 
21. return UpperTriangular(A)
22. end

1. A = rand(T, 20480, 20480)
2. DA = Distribute(A, AutoBlocks())::DArray
3. cholesky!(A)
4. cholesky!(DA)
5. A.U ≈ DA.U GPUs

Multi-threaded

Distributed

Multiprecision

✓ Productivity

Consolidated APIs

Dagger DataDeps

DArray

DTask

LinearAlgebra.jl 

Dagger.jl

22(Alomairy, et.al., HPEC, 2024)



Tile Cholesky Factorization

Dagger Datadeps

Dual-socket 28-core Intel(R) Xeon(R) Gold 6330 CPU @ 2.00GHz 
with 1TB of main memory and A100 NVIDIA GPU with 40G HBM

3x

3x

1.7x

3x

• Comparing Julia Parallel Paradigms

23(Alomairy, et.al., HPEC, 2024)



Tile Matrix-Matrix Multiplication
✓ Portability

NVIDIA
A100 GPU

AMD
MI210 GPU

Dual-socket 28-core Intel(R) Xeon(R) Gold 6330 
CPU @ 2.00GHz  with 1TB of main memory

Matrix Size NxN: 40960

24(Alomairy, et.al., HPEC, 2024)



Tile QR Factorization ✓ Performance

Dual-socket 28-core Intel(R) Xeon(R Gold 6330 CPU @ 2.00GHz  with 1TB of main memory

• Performance of square matrices • Performance of tall and skinny matrices
• Semi-parallel communication avoiding QR

25

1.5x-2x

Number of columns: 4096

(Alomairy, et.al., HPEC, 2024)
(Original Algorithm, Hadri, IPDPS, 2010)
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