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Exascale introduces significant complexities

* Three decades of top-ranked systems’

Number 1 computer on Top500 list Frontier
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* Challenges: concurrency, memory
hierarchies, and heterogeneity

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

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

 Half-precision executes at nearly 1 Pflop/s

AMD Instinct MI300X Accelerator
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julié: Driving Adaptability "

* Julia is easy, expressive, and robust E
ﬂi% Racket m

* Julia leverages the LLVM compiler
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Julia Distributed

. ] ) Julia Multithreading
* Julia supports dynamic type inference =
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* Julia's multiple dispatch makes it composable > |5 |
Multi-threaded process
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* Julia supports various parallel computing
paradigms

* Julia's GPU ecosystem is very rich
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Julia for HPC

Shared Memory

Accelerators ﬂ §@|

Distributed Computing

Threads.jl

Static and dynamic threads

I @ @

CUDA.jl AMDGPU.jl OneAPLjl Metal.jl

DistributedNext.jl

Create and control multiple
Julia remote processes.

Floops.jl

Generate afast generic
sequential and parallel for
iteration

GPUArrays.jl

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

MPLjl

Julia interface to the Message
Passing Interface (MPI)

KernelAbstractions.jl

GPU-like kernels targeting CPU and different execution backends

Dagger.jl

Julia native asynchronous
many-task runtime




Vendor-Specific Kernel Programming
cupA

v S

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, teal
uint i [[thread position_in grid]]) {

c[i] = a[i] + b[i];




Vendor-Specific Kernel Programming in Julia

coagl Julia Packages

AMDGPU. j1
DA.jl
OneAPT. j1 CUDA @2
Metal.jl
using Metal
N - 510 AMDGPU.jl
a = MtlArray(rand(N))
b = MtlArray(rand(N))
CcC =

similar(a) /"j
function vadd(a, b, c) OneAPI.jl (lntell

1 =
thread _position_in_grid 1d()

c[i] = a[i] + b[1i] .
return Metal.jl
end
@metal threads=N vadd(a, b, c) ’



KernelAbstractions.jl: Macro-based Kernel API

# Choose your backend: CUDA, AMDGPU, oneAPI, Metal

using KernelAbstractions

using CUDA # or: AMDGPU, oneAPI, Metal

const backend = CUDABackend() # or: ROCBackend(), OneAPIBackend(),
MetalBackend()

= 512

KernelAbstractions.allocate(backend, rand(Float32, N))
KernelAbstractions.allocate(backend, rand(Float32, N))
KernelAbstractions.allocate(backend, Float32, N)

Nn C o =2
Il

@kernel function vadd kernel(a, b, c)
i = @index(Global)
c[i] = a[i] + b[1i]

end

# Launch with N threads (1D)
kernel instance = vadd kernel(backend, ndrange = N)
kernel instance(a, b, c¢; ndrange = N)




GPUArrays.|l

n NG

CUDA.jl AMDGPU.jl OneAPl.jl Metal.jl

Generic type agnostic code)|

exceptimporting packages
or allocating arrays.

using Metal

T= Float32

a = MtlArray(rand(T, 32,32))
b = sum(a)

Array(b)

Compatible with Julia’s
array functions

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

sin.(a)

a*2

a 1

Vendor library integration

rand.jl

rand! (a)

cuRAND, rocRAND, ...

LinearAlgebra.jl
a*a
qr!(a)
cuBlas, rocBlas, ...

cuSOLVER, rocSOLVER, ...

AbstractFFTs.jl
plan fft(a) * a

cuFFT, rocFFT, ...

NNLib.jl

softmax(a)

cuDNN, hipDNN, ...

Julia native support

Compiled to native code

map(a) do x
X+1
end

Kernel support for
broadcasting and operation
fusion

a .+ 2b

More functionality,
flexibility, and portability

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




Dagger as Asynchronous Many-Task Runtime (AMT)

Julia is a productive environment for designing native task-
based asynchronous runtime systems

Applications

Dagger manages tasks across heterogeneous hardware Juila Programming AP!

 CPU, GPU, .....etc T e e e |
| Memor Dagger |Datadeps | Static

y Processor .

Manager| [Thonk : Dynamic

Task Graph
| MemPool @

Running Task [ | . AN / E :
| File-io Q [reeoyres | 7/ '
: (® [ BlockedTask | () @ 5

cru || eru ||| Ready Tasks R%nning Taslés I
spaces||spaces T o o » ]
0 [ceu][eru][epu] = [crullt
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Dagger builds a task execution flow (DAG)

Julia Scheduler

Dagger handles memory spaces for CPUs and GPUs

Uses DArray as a basic block for managing data movement

Caches Drivers
. = A
Uses DTask objects to schedule tasks on hardware at

runtime, based on resource availability
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julia

Julia for Dense
Linear Algebra

One Kernel to Rule Them All



Julia LAPACK/BLAS Operations using GPUArrays.|l

Larfb: A+ AYTYT = AQ

urmqr: A+ YTYTA=QA

Data type agnostic: performance across data types

Hardware agnostic: Performance across CPU-GPU

—#— ComplexFad Julia
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(Xuan, Alomairy, et.al., 2024) .,
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SVD Computations using JuliaGPU

* SVD based on Two-stage QR factorization

Algorithm 1 SVD stage 1: reduction to band-diagonal form [44]

1: for Diagonaltilek:1 — N do

S—

S—

22 GEQRT(Tiley x) {Calculate Householder QR}
3:  UNMOQR(Rowy) {Apply Householder QR}
4: for Row [ below k : k+1 - N do
5: TSQRT(Tiley ., Tile; ) {Calculate Householder QR}
6: TSMQR(Rowyg, Row;)  {Apply Householder QR}
7. end for -
8: GEQRT(Tile,{’ ts1) {Calculate Householder QR} —
9: UNMQRT(COILI) {Apply Householder QR}
10:  for Col I rightof k +1:k+2 — N do
11: TSQRT(TileZ’ gos Tilez’ ;) {Calculate Householder QR}
12: TSMQR(COII{H, ColIT) {Apply Householder QR} _
13:  end for
14: end for

QR

LQ

LQ

; N

ar|f

SVD

(Kabir,e.a., 2017)

Multiple Dispatch
and
Lazy Transpose Operator

% (Ringoot, Alomairy, et.al., 2025]5
Submitted to ICPP

&



Fused TSQRT and TSMQR

TSQRT Fused TSQRT
ngrkgroup! threadblock ‘uﬁ.florkgrnupf threadblock
{ ¢
sync [:_¢
)
sync []
sync _:'L s-,,rnc—Jr
TSMQR Fused TSMQR
Workgroup/ threadblock Workgroup/ threadblock
4 1 2 3 4
IRIRIE IRIRIE
ARIRER
|sync
IFIRIE!
]sync
Y ‘ 'L J' sync viyprvlvw sync

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



Fused TSMQR using KernelAbstractions.|l

@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 1 in 1:TILESIZE

colA[1l] = A[...]

end
for row in 1l:nbtiles
@unroll for 1 in 1:TILESIZE
colB[1l] = B[...]
end
@unroll for j in ©:(TILESIZE/MULSIZE)-1
colTau[ j*MULSIZE+i]|=tau| ... ]
end
for k in 1:TILESIZE
@unroll for j in ©:(TILESIZE/MULSIZE)-1
cOolM[J*MULSIZE+i]=M[...]
end

@synchronize

end

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

(Ringoot, Alomairy, et.al., 2025) -,
Q\/ Submitted to ICPP



Performance Compared to Vendor-Optimized Libraries

* Performance of singuler value computation
e Ratio of Julia unified implementation to cuSLOVER, rocSOLVER, and oneMKL

Unified API

10 times |
faster
equal | )
runtime ' .

vendor

10 times
faster 64 128 256 512 1024 2k 4k 8k 16k

Matrix Size (nxn)
I NVIDIA RTX4060 B NVIDIA A100 B NVIDIA H100

Bl AMD MI250 B Intel PVC
(Ringoot, Alomairy, et.al., 2025), 4
&/ Submitted to ICPP



Performance Compared to State-of-the-Art Libraries

* Performance of singuler value computation
* Ratio of Julia unified implementation to MAGMA and SLATE

Unified API Unified API ),// y /'/ }’ ), } } }, }
10 times - 10 times
faster faster
equal equal
runtime runtime
MAGMA SLATE
10 times 10 times
faster 64 128 256 512 1024 2k 4k 8k 16k 32k 65k faster 64 128 256 512 1024 2k 4k 8k 16k 32k 65k
Matrix Size (nxn) Matrix Size (nxn)

J NVIDIA RTX4060 I NVIDIA A100 BN NVIDIA H100 B AMD MI250

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



Hardware and Type Agnostic

Potability

RunTime

100s |
10s

1s |
100ms |
10ms |

100s
10s |
1s
100ms

10ms |

NVIDIA H100

100s |
10s |

1s
100ms |
10ms

M1

100s

T

10s
1s
100ms

10ms
|

128

512 2k
matrix size nxn

8k

32k 131k

AMD £1MI250

(inteI)Pvc

 E R NN NN FP16

128 512 2k Bk

matrix size nxn (Ringoot, Alomairy, et.al., 2025)
&/ Submitted to ICPP
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Julia Unified TRMM/TRSM Recursive Subdivision

cuBLAS/rocBLAS vs. Julia

TRMM/TRSM

Au .
o B
1. Partition A and B 2. Recursive TRMM: C, = A, x B,
Recursive TRSM: A;, x X, = B,
3. GEMM

Tﬁ] i % lﬂ) sub

TRSM: B, = B, - Ay x B,

TRMM: C, = Ay, x B, + C,

4. Recursive TRMM: C, = A,, ¥ B,
Recursive TRSM: A,, x X, =B,

(Carrera, Max, Alomairy,et.al, WAMTA, 2025)
K/ (Original Algorithm Charara, et.al., CCPE, 2017)
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5 l [ aster
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= <4 NVIDIA.

< NVIDIA.
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4 10
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(pd
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.
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3
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COnSOlidated APIS MUlti_thTzii?ed = Multiprecision

ui b WINBR

0o NOUTL A WN PR

Thread 1 . I
DArray : | — [coe —|[ee —)
. A = rand(T, 20480, 20480) — > we &) E e | |
. DA = Distribute(A, AutoBlocks())::DArray - — [eoe —|[eee —]
. cholesky!(A)«— | inearAlgebra.jl e : fees —|[=+s —)
cholesky! (DA)

: AU = DALU T

. function cholesky! (A::DArray{T,2}) where T

. end

§ : GPUs

Dagger.jl Distributed

Ac = A.chunks
mt, nt = size(Ac) Dagger DataDeps

Dagger.spawn_datadeps() do
for k in range(1, mt)
Dagger.@spawn LAPACK.potrf!('U', InOut(Ac[k, k]))
for n in range(k+1, nt)

Dagger.@spawn BLAS.trsm!('L"', uplo, trans, 'N', one(T), In(Ac[k, k]), InOut(Ac[k, n]))
end
for m in range(k+1, mt)
> Dagger.@spawn BLAS.syrk! (uplo, 'T', -one(T), In(Ac[k, m]), one(T), InOut(Ac[m, m]))
DTask for n in range(m+1l, nt)
Dagger.@spawn BLAS.gemm! (trans, 'N', -one(T), In(Ac[k, m]), In(Ac[k, n]), one(T), InOut(Ac[m, n]))

end
end
end

v" Productivity

return UpperTriangular(A) (Alomairy, et.al., HPEC, 2024)



Tile Cholesky Factorization

e Comparing Julia Parallel Paradigms

10°
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Tflops/s

Tile Matrix-Matrix Multiplication
v’ Portability

25 . .
6 - Matrix Size NxN: 40960
— Ty % x
5 k& 20 -
4 |
wn 18
S
[F)]
o
3IF o
b E L
— —_—— — — — —_— =
2 -
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OneMEKL FP32
= Dagger+Datadeps FP&4
OneMKL FPG4
D 1 1 1 1 1 I}
20430 40960 i EPIMU el3e0 102400 Intel CPUs  Dagger CPUs Dagger CPUs AMD CPUs  Dagger CPUs Dagger CPUs
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CPU resident GPLU resident CPU resident GPU resident

Dual-socket 28-core Intel(R) Xeon(R) Gold 6330 NVIDIA AMD
CPU @ 2.00GHz with 1TB of main memory AT00 GPU Mi210 GPU

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



Tile QR Factorization

* Performance of square matrices

v’ Performance

* Performance of tall and skinny matrices

 Semi-parallel communication avoiding QR

10*

% Q00k-0éme

Dagger+Datadeps SP1 (CAQR)
Dagger+Datadeps 5P2 (CAQR)
Dagger+Datadeps SP4 (CAQR)

Dagger+Datadeps S5P8 (CAQR) '
Daggcr+Datagcps SF‘lg ECﬁQRI;
Dagger+Datadeps 5P32 (CAQR

Dagger+Datadeps SP64 (CAQR) B % 1 -5X_2X
Dagger+Datadeps 5P128 (CAQR) o

QneMEL (GEQRF)
QOneMEL (GEQRT)

o & @e

.

*

Number of columns: 4096

10°
—de— OneMKL (GEQRT)
— Dagger+Datadeps
¥ OneMKL (GEQRF)
100 10°
G m
g 10° | g 10' @
= = ]
= = ;
1 0
10 * 107 e
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20480 40960 61440 B1920 102400 32768

Matrix Sizes (N x N)

65536 131072 262144 524288 1048576
M {(Number of Rows)

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

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

(Original Algorithm, Hadri, IPDPS, 2010)
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