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ABSTRACT

This paper introduces XK.BLAS: the BLAS module of the Julia
package XK. jl. This module provides BLAS APIs that are portable
across all three major GPU vendors (AMD, Intel, NVIDIA) for
multi-device architectures. XK.BLAS is built on top of the XKRT
tasking runtime systems and the XKBlas library. An XKBlas pro-
gram is a sequence of task-generating routines with no explicit
handling of memory (such as allocation and data movement) or
scheduling decisions (such as target device selection). Memory is
instead lazily allocated, migrated, and evicted, while tasks are au-
tomatically distributed across available devices. Tasks are compos-
able, so that fine-grained dependencies are inferred from the mem-
ory regions they access, allowing concurrent data movement and
kernel execution across different routines when the dataflow per-
mits. We evaluate primitives of XK.BLAS and its use as a multi-
GPU backend for the package Krylov.jl. We show up to 2.8X
speedup when scaling from 1 to 4 H100 GPUs. More importantly,
XK.BLAS enables solving problems that would not otherwise fit
on a single GPU, with no code changes at all.
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1. Introduction

The Basic Linear Algebra Subprograms (BLAS [7]) spec-
ify routines for scientific computing. Original implemen-
tation (Netlib, OpenBLAS) target CPUs. GPU companies
(AMD, Intel, NVIDIA) provide high-performance implementation
(rocBLAS [24], OneMKL [13], cuBLAS [22]) for GPUs. These li-
braries are fundamental building blocks for developing scientific
software such as iterative solvers [20, 2]. However, despite the ad-
vent of multi-GPU servers, vendors’ implementation only targets
single-GPU: programmers are responsible for manually paralleliz-
ing execution across multiple devices (i.e., moving memory and
synchronizing kernel executions).

This motivated the design of new multi-GPU BLAS implemen-
tation [25, 18, 23, 9, 11, 1, 16, 4] that automates parallel exe-
cution from a sequential program that preserves historical BLAS
APIs. They are all implemented in C/C++ and tile routines [12]
to distribute tasks to multiple devices. Among these libraries, XK-
Blas [18] uniquely provides highly composable tasking interfaces
with relaxed synchronizations between routines '. It has shown
great success in accelerating the sparse solver MUMPS [3] to mul-
tiple GPUs with only a few lines of code changes (~ 10—20 LoC)

1h‘ctps://gitlab. inria.fr/xkblas/dev/tree/v2.0

with great performance portability thanks to its underlying tasking
model.

The Julia linear algebra ecosystem currently lacks similar libraries
to automatically move memory and schedule BLAS routines
on multi-device architectures. Current practices involve manually
moving memory and distributing work via vendor-specific libraries
(AMDGPU jl, CUDA jl, oneAPLjl), and dispatching linear alge-
bra primitives depending on input data types (ROCArray, CuArray,
oneArray). A promising ongoing effort is cuNumeric.jl [19], in-
spired by cuPyNumeric and built on top of Legion [8]. However,
it is currently restricted to NVIDIA GPUs and remains at an early
stage of development.

This paper fills that gap in the Julia ecosystem by introducing
the BLAS module of XK.jl (XK.BLAS): a package built on top
of XKRT and XKBlas automating data motions and execution of
BLAS across multi-device architectures. Our contributions are the
following:

e The introduction of XK.BLAS provides composable and
portable multi-GPU BLAS in Julia.

e Extensions to XKBlas to support BLAS 1 and 2 routines, that
can be used as drop-in replacements in CPU programs (i.e., au-
tomatic multi-GPU parallelization with no code change at all).

e The implementation of a new backend for Krylov.jl [20], a col-
lection of Krylov solver, using XK.BLAS to provide performant
and portable parallelization on most of its solvers across multi-
GPU architectures.

The paper is organized as follows. Section 2 introduces the back-
ground of XK.BLAS. Section 3 presents its implementation and
the extensions enabling improved support for Krylov solvers. Sec-
tion 4 evaluates XK.BLAS primitives and their integration as a
multi-GPU backend for Krylov.jl. Section 5 concludes the paper.

2. Background

XK.jlis a Julia framework for composable and portable multi-GPU
linear algebra. Its core module, XK.BLAS enables sequential CPU-
like code to run efficiently across multiple GPUs by automatically
managing memory, scheduling tasks, and overlapping computation
and communication. We first introduce Krylov.jl as a motivating
application, and discuss how its reliance on BLAS routines moti-
vates the extensions and multi-device capabilities of XK.BLAS.

2.1 Krylov.jl

The package Krylov.jl implements over 35 Krylov methods for
solving a variety of problems, including square linear systems,
least-squares problems, least-norm problems, and structured 2 x 2
block systems. It is the primary motivation for the BLAS module
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Application MUMPS ‘

XK.jl, Krylov.jl Any OpenMP Applications

Specialization XKBlas

XKOMP (* experimental, limited support)

Runtime

XKRT (XK Runtime System)

Driver (host) pthreads, Linux | cuBLAS, Cuda

‘ cIBLAST, OpenCL

MKL, Level Zero | MKL, SYCL | rocBLAS, HIP

Code 1: A few lines of code from Krylov.jl implementation of the
conjugate gradient method.

1 function cg(A, b; kwargs...)

2 # [...]

3 kmul! CAp, A, p) # Ap = A * p

4 pAp = kdotr(n, p, Ap) # pAp := real(p'Ap)
5 # [...]

6 a = / pAp

7 # [...]

8 end

of XK. jl. Krylov.jl specifies a set of routines that need to be imple-
mented to execute its solvers agnostically across devices. On the
CPU, Krylov.jl dispatches these routines through Libblastrampo-
line (LBT), allowing seamless switching between different BLAS
backends such as Intel MKL, AOCL, Apple Accelerate, or BLIS.
On GPUs, multiple dispatch is used based on the type of the GPU
vector (like CuVector or ROCVector) to target the appropriate GPU
BLAS implementation.

Solvers are implemented as if they were executing on a single CPU,
with no considerations on memory locality, nor expressing any par-
allelism explicitly. We illustrate it on code 1 with a few lines of
code extracted from its implementation of the conjugate gradient
method. Line 3 runs the operator kmul! between the variables A
and p and stores the result in the variable Ap. For instance, if Ap,
A, and p respectively are CuVector, CuMatrix, and CuVector, then
Krylov.jl dispatches to the gemv implementation of cuBLAS as-
suming the memory is already present and coherent on the device.
The executing thread waits for the operator completion, and then
on line 2, it computes the dot product and stores the real part of the
results to the variable pAp in the host memory. Line 4, it computes
« = ~y/pAp on the host.

Currently, GPU support relies on GPUArrays.jl and its
AMDGPU.jI, CUDA.l, and oneAPLjl specializations. Pro-
grammers must explicitly and synchronously move memory
from the host to the device before solver execution by declaring
ROCArray, CuArray, or oneArray data structures. The Krylov.jl
backend then dispatches to the respective vendor-specific single-
GPU BLAS libraries using Julia’s multiple dispatch feature. The
primary motivation of this work is to provide multi-GPU support
for Krylov.jl solvers without modifying its existing 12,000 lines of
code, which implement the Krylov solvers. All methods heavily
rely on BLAS 1 and 2 routines, while two of them, the block
Krylov methods block-MINRES and block-GMRES, also use
LAPACK and BLAS 3 routines. These remain as future work.

2.2 XKBlas, XKRT

The XKBlas library [18] accelerates BLAS 3 in the MUMPS lin-
ear solver [3] on multi-GPU architectures. This work shares the
same original motivations: accelerate a sequential host program to
multiple devices. It was originally built on top of the Kaapi task-

Fig. 1: An Overview of the XK jl software stack

Code 2: Pseudo-code of an XKBlas program. The trsm_async
and gemm_async spawn tasks executing the routine on submatri-
ces, that synchronizes depending on sequential data dependencies.
The memory_host_coherent_async spawns a task that writes-
back the passed memory region (i.e., the matrix C) to its original
host replica.

1 # A, B and C are matrices on the host memory
2 # Routines are executed on available devices
3

4 # trsm reads A, B and writes B

5 trsm_async (A, B, tile_size=n/2);

6

7 # gemm reads A, B, C and writes C

8 gemm_async (A, B, C, tile_size=n/2);

9

10 # ask for host write-back

11 memory_host_coherent_async (C);

12

13 # wait for the completion of previous tasks
14  sync();

16 # At this point of the execution, the matrix
17 # - C was written-back to the host memory.
18 # - B was not.

ing runtime system [17] and had been recently (2024-2025) rewrit-
ten on top of the XKRT runtime system >—a fork of Kaapi that
supports byte-granular data dependencies and motion for macro-
dataflow tasks ala Legion [8]. We summarize the software stack in
Figure 1. The key aspects of XKBlas are:

e (1) Automated memory management. XKBlas APIs use host
memory pointers and lazily replicates on the executing devices’
memories. XKBlas book-keeps memory coherence over routine
invocations, so that the memory is assumed coherent (aka. valid)
only on the device that lastly wrote it.

e (2) Multi-GPU support. XKBlas internally tiles and distributes
BLAS routines to available devices.

e (3) Asynchrony. XKBlas overlaps GPU kernel execution with
data motion implicitly while ensuring a partial and correct par-
allel order of execution following the sequential program data
dependencies that are well-defined by the BLAS specification:
for instance, gemm(A, B, C) reads A, B, and C, and writes C.

An XKBlas task includes a kernel and a declaration of its memory
accesses (read, write, and the host virtual memory region) so that a
correct parallel order of execution can be deduced from data haz-
ards (read-after-write, etc., on intersecting regions of memory) by
its underlying runtime system. An XKBlas program is a sequence
of CPU-like routines spawning tasks that compose automatically to
overlap independent data motion and computation—as illustrated
on Code 2. The routines (gemm_async) lines 3 and 4 spawn tasks

2https://github.com/rpereira-dev/xkrt
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Fig. 2: Task graph resulting from the XKBlas sequence on Code 2. Tasks
and their associated memory are distributed to available GPUs in parallel,
and concurrently to the graph creation. Minimal data motions are ensured
from conflicting memory accesses by the XKRT internal coherence proto-
col.

to be executed and return before their completion. The sync line
5 waits for the completion of all tasks previously spawned. The
memory_coherent_async line 11 spawns an empty task on the host
to write-back the matrix D so the host memory is coherent by the
completion of the sync line 12. We illustrate the resulting task de-
pendency graph in Figure 2: independent tasks can execute in par-
allel on different GPUs.

XKBlas originally only supported BLAS 3 routines that repre-
sented the largest potential for GPU acceleration in MUMPS. This
paper extends it with support for the BLAS 1 and 2 routines to pro-
vide a multi-GPU backend to Krylov.jl.

3. XK.BLAS: multi-devices BLAS in Julia

XK.BLAS provides the core multi-device BLAS functionality of
XK.jl. In this section, we present its architecture and runtime
(XKRT), the available execution model flavors, and our exten-
sions to support BLAS 1 and 2 routines. We also show how
XK.BLAS can serve as a drop-in multi-GPU backend for Krylov.jl,
enabling efficient execution without modifying its original CPU-
based source code.

3.1 Binding to a C/C++ library

XKBlas and XKRT are C++ libraries that expose a C APL. XK.jl
automatically generates bindings to these C APIs using Foreign
Function Interfaces (FFIs) generated via Clang.jl. On top of these
bindings, we manually implement wrappers that provide idiomatic
Julia interfaces, allowing seamless integration within the Julia lin-
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Code 3: An XK.BLAS program example.

using LinearAlgebra, Random, XK

1

2

3 | # Run parameters

4 const T = Float32

5 m=n =k = 16_384

6 lda, ldb, ldc = m, k, m

7 alpha = T(1.0)

8 beta = T(0.0)

9 transA = transB = XK.BLAS.NO_TRANS
10

11 # Create host matrices

12 A = Matrix{T}(undef, m, k)

13 B = Matrix{T}(undef, k, n)

14 C = Matrix{T}(undef, m, n)

15

16 # Execution on all available devices - 3 flavors:
17

18 # (F1) Blocking, and automatic write-back
19 XK.BLAS.gemm(

20 transA, transB,
21 alpha, A, B,

22 beta, C

23 )

24

25 # (F2) Blocking, no automatic write-back
26 XK.BLAS.gemm_sync(

27 transA, transB,
28 alpha, A, B,

29 beta, C

30 )

31

32 # (F3) Non-blocking, no automatic write-back
33  XK.BLAS.gemm_async (

34 transA, transB,
35 alpha, A, B,

36 beta, C

37 )

38  XK.BLAS.sync ()

ear algebra programming environment, as illustrated in Code 3. For
example, XK.BLAS dispatches routines to the corresponding XK-
Blas implementation based on parameter precision (Float32 maps
to single, Float64 to double, etc.). Additionally, its BLAS routines
and the memory_coherent_async API support native Julia linear
algebra types such as AbstractVector and AbstractMatrix, as
shown on line 19.

3.2 Execution model flavors

Additionally, XK.BLAS provides three execution model flavors.
The input objects always reside in host memory, but each flavor
defines how synchronization and write-back are handled:

e (F1) Drop-in (line 19). The calling thread blocks until all tasks
complete, and every byte written on any device is automatically
written back to the host. In the code example, the executing
threads wait for the gemm tasks to finish, and the matrix C is im-
plicitly updated on the host.

e (F2) Synchronous (line 25). The calling thread blocks un-
til all tasks complete, but there is no automatic write-
back. Programmers can explicitly request write-back via
XK.BLAS.memory_host_coherent_async. In the code example,
the threads wait for the gemm tasks, but parts of C remain on the
devices until explicitly synchronized.

e (F3) Asynchronous (line 33). The calling thread only spawns
tasks and returns immediately, without waiting for their
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Fig. 3: dot distributed from the host to two devices with one tile per device.

completion. Programmers can enforce completion by calling
XK.BLAS.sync(). As in (F2), there is no automatic write-back.
In the example, the tasks are spawned, the function returns, and
completion is enforced later via sync().

Originally, XKBlas only supported flavor (F3). We extended it with
(F1) and (F2) to serve as drop-in replacements for CPU BLAS pro-
grams, requiring no changes to existing code.

3.3 Support for BLAS 1 and 2

The Krylov.jl library relies extensively on BLAS 1 and 2 routines
(axpby, dot, nrm2) and matrix vector operations (gemv, spmv).
These routines were not originally supported in XKBlas. We there-
fore implemented them, and present our approach in this section.
As with the original BLAS 3 routines, BLAS 1 and 2 operations are
tiled into tasks and distributed across multiple devices. Each task
eventually launches a vendor-specific kernel (cuBLAS, hipBLAS,
or oneMKL) on a subvector or submatrix. XKBlas tiles dense ma-
trices and vectors contiguously using a fixed tile size, improving
memory locality on devices when chaining multiple kernels. Fig-
ures 3 and 4 illustrate our multi-device implementations of dot and
spmv.

Currently, spmv only supports the Compressed Sparse Row (CSR)
format. Given a sparse matrix of size (m,n), our implementation
preprocesses the matrix in four steps:

e S;-Tile the matrix into blocks of size (m; < m,n) and assign
each block to a device,

e Sy—Execute a custom kernel to adjust row indices for each tile
so they are valid on the local device memory,

e S3—Compute the minimum and maximum column indices con-
taining non-zero elements for each tile.

e S;—Run vendor specific
(cusparseSpMV_preprocess, etc.).

preprocessing routines

The step S3 is optional. If S3 is disabled, the entire vector x will be
moved on the executing device. For instance on Figure 4, all 1, 22,
z3 and x4 will be copied to the device 2 even though only =3 and
x4 are needed, since the matrix columns 1 and 2 are only zeroes.
However, if S is enabled, the runtime will only copy the small-
est sub-vector that includes all lines with non-zeroes columns in
the matrix—e.g., on the figure, only z3 and x4 are copied—which
reduces data movements. Such technique is used by the HPCG
benchmark that uses a 7-diagonal matrix distributed with MPI [15].
All steps are performed only the first time the matrix is encoun-
tered, and the results are cached for later reuse. Programmers can
explicitly invalidate these caches if the matrix values change.

8(85), 2026

3.4 A Multi-GPU Backend for Krylov.jl

XK.l introduces several new Julia types, namely XKVector,
XKMatrix, and XKSparseMatrixCSR, which act as wrappers around
specialized data structures while preserving existing CPU and GPU
support through multiple dispatch. These types enable the integra-
tion of XK.jl with Krylov.jl without modifying its original pro-
gramming model.

The XK.BLAS module overloads the default Krylov.jl backend by
providing implementations based on the flavor (F2) API. This fla-
vor ensures minimal data movement and remains fully compatible
with Krylov.jI’s execution semantics (see Section 2.1).

For instance, adopting flavor (F3) would result in an incorrect ex-
ecution order in Code 1. Specifically, the computation of & =
~v/pAp (line 6) could be executed before the completion of the
kdotr operation (line 4). Guaranteeing correct behavior in this case
would require modifying Krylov.jl to introduce explicit synchro-
nization points, which we intentionally avoid.

Conversely, flavor (F1) preserves correctness but incurs significant
overhead due to frequent host-to-device (H2D) and device-to-host
(D2H) memory transfers between solver iterations. By leveraging
flavor (F2), XK.BLAS relies on XKRT’s internal memory coher-
ence mechanisms to enforce correct execution order while mini-
mizing data movement.

4. Evaluation

We evaluate the performance of XK.BLAS using Julia v1.11.8 on
the experimental environments shown in Table 1. First, we evaluate
a few of its routines to ensure proper binding between Julia and
the underlying C/C++ runtime system, and scalability against the
number of GPUs. Then, we evaluate XK.BLAS as a multi-GPU
backend for Krylov.jl.

Table 1. : Hardware and software stack used in the evaluations

Name Hardware (CPU) Hardware (GPU) Software
ose | SADENC o | o
NVILSE | o sags eascts | S| Doie
Aurora é’;rf‘::g)i’)“ @ng gﬁ; 6x PVC oneapi 24.347.0

4.1 Routines Benchmarking

All experiments of this section report averages and standard devia-
tions over 10 instances of execution. We report results for a routine
of each BLAS level on different GPU vendors.

4.1.1 BLAS 1 - axpy. Figure 5 reports performance on an axpy
scaling from 1 to 8 GPUs, including the initial H2D and final D2H
transfers. On AMD-JLSE, GPUs are connected in pairs to the PCle
slots (i.e., 4 PCle links for 8 GPUs). Due to the low arithmetical
intensity of an axpy, the performance scaling is mostly related to
memory motions: the observed gain on multiple GPUs is due to an
increased aggregated bandwidth by using each PCle link concur-
rently, for the initial H2D and final D2H transfers. This also ex-
plains the lack of scalability from 1 to 2 GPUs that share the same
PCle.

4.1.2 BLAS 2 - spmv. Figure 6 reports performance on an spmv
scaling from 1 to 4 GPUs on NV-JLSE. Timings only include
the computation (i.e., not the preprocessing nor the initial H2D
and final D2H copies). The benchmark uses sparse matrices with
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Fig. 4: spmv for CSR matrices distributed from the host to two devices with one tile per device.
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non-zero elements generated randomly uniformly with a 10% den-
sity. Thus, by increasing n, we increase the amount of work. For
n < 213 (about 800 nnz per line), we observe no performance im-
provement in increasing the number of GPUs. The reason is that
spmv does not saturate streaming multiprocessors (SMs) units of a
single GPU: there is no sufficient work for scaling. Pn the right-
most point (about 14,700 nnz per line), we saturate the memory
capacity and SMs of a single GPU. In this case, we observe 3.5%
speedup by using all GPUs.

4.1.3 BLAS 3 - gemm. Figure 7 reports performance on a gemm
scaling from 1 to 8 Xe Stacks on Aurora. Wesetaw = 1 and 8 =0
to compute only C' := A.B with square matrices (m = n = k).
Timings only include the computation (i.e., not the initial H2D and
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Fig. 7: Execution time of a gemm on Aurora using 32-bits precision.

final D2H copies). For small matrices, the lack of work does not
allow to improve performance. However, for sufficiently large ma-
trices (n > 4,096), we observe perfect scalability reaching theo-
retical bounds of about 20TFlop/s per Xe Stack [10].

4.1.4 Conclusion. This series of experiments shows that given
sufficient work, XK.BLAS enables the automatic scaling of a CPU
BLAS routine to multiple GPUs. They also illustrates its portability
by running on all three major GPU vendors.

4.2 XK.BLAS as a Krylov.jl backend

Following our initial motivation, we evaluate XK.BLAS as a back-
end for Krylov.jl. We report results on the NV-JLSE system of the
conjugate gradient solver. Other solvers exhibited similar perfor-
mance trends. In the following, we first evaluate single-GPU perfor-
mance and multi-GPU performance of Krylov.jl using XK.BLAS
as a backend. We use two datasets:

—Three matrices (nasarb, pwtk, Queen_4147) from the Suite
Sparse Matrix Collection (SSMC) [14]—for realistic test cases.
These matrices are all symmetric positive definite, and cover dif-
ferent size ranges (see Table 4). The largest matrix (Queen_4147)
still fits in the memory of a single H100 GPU.

—Three pseudo-random sparse matrix generators (M, My, Ms)
representative of different scientific problems’. These matrices
allow the exploration of large symmetric positive definite matrix
sizes that would not fit on a single GPU. They also allow the
exploration of different sparsity patterns—that we illustrate on
visualizations in Appendix A.

3Claude Sonnet 4.5 [6] was used to create the matrix generators.
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Table 2. : Pseudo-random matrices and performance obtained on NV-JLSE on Krylov.jl Conjugate Gradient implementation. ¢, 4+ and
t:k.blas Are average times to execute a single iteration of the method, respectively, using the existing native cuBLAS backend of Krylov.jl,
and our backend built upon XK.BLAS. Timings reported are the average execution time over iterations, and only include computation and
D2D transfers: the initial H2D (to move matrices and vectors to GPUs) and the final D2H (to write-back the solution) are not included. We

also report speedups against running XK.BLAS on a single GPU.

Sizes tnative txk.blas
Matrix Problem n nnz nnz/n | 1GPU | G=1GPU | with S; G =2 GPUs G =4 GPUs
M, Heat equation 7 point-stencil | 287,496,000 | 2,009,858,400 7 23.4ms | 23.2ms ;:s ?i;‘g 2: 8:23 281. 45;1‘5 ((21 '81;))
M, | Edge-clement Maxwell Equation | 22473360 | 468,728904 | 21 | 3.7ms | 3.7ms y“; ggzz 833 ggzz 823
M; | Linear elasticity FEM of order 4 | 2,738,019 | 1,728,900,297 | 631 7.4ms 7.4ms ;:s ggg iz Sg:; 3?122 ggg

Table 3. : Compute and memory complexity of the Conjugate Gradient
method with XK.BLAS using 1 tile per GPU. G is the number of GPUs,
I is the number of iterations the solver performed, n is the number of rows
and columns of the matrix, nnz is the total number of non-zero values in
the matrix, and S is the size of type in byte (i.e., float is 4, double is 8, etc.).

Compute Memory
Amount (FLOP) ‘ # Launch Amount (bytes) # Launch
H2D [ D2H [ P2P H2D [ D2H | P2P
O((nmz+n)«1) [ 7xGx1I | (nnz+n)+xS [ nxS [ nxIxS 2 [ 1 [ GxI

Table 4. : SSMC matrices and performance obtained on NV-JLSE on
Krylov.jl Conjugate Gradient implementation. ¢y,qtive and tyx piqs are av-
erage times to execute a single iteration of the method, respectively, us-
ing the existing cuBLAS backend of Krylov.jl, and our backend built upon
XK.BLAS using a single GPU (G = 1).

Name m=n nnz nnz/n tnative txk.blas
nasasrb 54,870 2,677,324 49 118 &+ 4us 369 + 1us
pwtk 217,918 11,524,432 53 162 + 2us 415+ 3us
Queen_4147 | 4,147,110 | 316,548,962 76 1.8+ 0ms | 1.9+£0.1ms

4.2.1 Theoretical Complexities. Table 3 reports the computa-
tional and memory complexity of the conjugate gradient solver
used throughout this section. For sufficiently many iterations (/ >
1), the cost of the initial host-to-device (H2D) and final device-
to-host (D2H) transfers is amortized, and the execution time is
bounded either by the number of floating-point operations (FLOPs)
or by peer-to-peer (P2P) memory transfers. The resulting arith-
metic intensity is O(™2%), where nnz/n is the average number
of non-zero elements per row. Additionally, the aggregated system
peak performance (120 TFLOP64/s) [21] greatly exceeds its mem-
ory bandwidth (1.0 TB/s). Consequently, performance should scale
with the number of GPUs (G) only if nnz > n; otherwise, the ex-
ecution is limited by P2P memory copies.

4.2.2  Single-GPU Performance. We evaluate Krylov.jl perfor-
mance on a single GPU using SSMC matrices. Table 4 compares
the performance of XK.BLAS with the default cuBLAS native back-
end.

On the nasarb and pwtk matrices, we observe performance degra-
dation using XK.BLAS against the original backend. We profiled
execution with NVIDIA’s nsys tool and XKRT built-in metrics
(XKRT_STATS=1). Among the 1185 per iteration on the nasasrb
matrix, only 33us actually corresponds to the GPU computation
that is partially overlapped with 97us of device operations over-
heads (kernel launches, memory copy launches, and synchroniz-
ing). Similar overheads were observed on other matrices, as they
do not depend on the input (i.e., the same operations are launched,
but on different vectors/matrices). With XK.BLAS, we observed
higher management overheads than native cuBLAS due to (1) its
tasking abstractions that add constant overhead for each operation,

and (2) its internal asynchronous progression engine that records a
CUDA event per kernel launch (cuEventRecord)—while the "na-
tive" version synchronously waits for the kernel completion on the
calling threads, reducing synchronization overheads.

For the Queen_4147 matrix, the workload is higher, and these over-
heads are hidden, leading to no performance degradation.

4.2.3 Multi-GPU Performance. We evaluate the scaling of the
Krylov.jl solver on multiple GPUs using the XK.BLAS backend.
Table 2 reports the pseudo-random sparse matrices we used to sat-
urate the memory of a single H100 GPU. The table reports average
times to execute a single iteration on a single GPU and multiple
GPUgs, using the original native cuBLAS backend and XK.BLAS.
When using XK.BLAS on multiple GPUs, it reports times with and
without the optimization step Sz introduced in section 3.3.
Without S3, speedups are low with 1.1x, 1.3x and 1.9% respec-
tively for matrices My, My and M3 when scaling from 1 to 4
GPUs. With S3, however, we observe an improved performance
scaling for all matrices. For instance on M;, enabling Ss leads
to 2.8x speedup against the initial 1.1x. By profiling with XKRT
built-in metrics, we observe significantly fewer P2P transfers when
Ss is enabled, with 20.0M B transferred on average per iteration
against 6.4G B without S3. The reason for this P2P decrease stems
from the matrix sparsity: M; is 7-diagonal. When distributing an
spmv (y := A.x) to multiple devices, S3 reduces the amount of
bytes copied to devices’ local replicas of x, as explained in sec-
tion 3.3.

These results validate theoretical complexities of Table 3. The
greater nnz/n (i.e., the more non-zero elements there are per line),
the better the performance scales with the number of GPUs. If nnz
is too small, then there is not sufficient workload to amortize the
extra P2P communications induced by multi-GPU parallelization.
Enabling S3 can reduce P2P communication and improve scalabil-
ity if the matrix sparsity pattern allows it.

5. Conclusion

This paper introduced XK.BLAS, the BLAS module of the pack-
age XK.jl. XK.BLAS provides a composable, multi-GPU BLAS
API in Julia, portable across the three major GPU vendors (AMD,
Intel, NVIDIA). It is built on top of the XKRT tasking runtime sys-
tem and the XKBlas multi-GPU BLAS C++ library. Unlike existing
linear algebra packages, XK.BLAS automates the parallelization of
CPU-based linear algebra programs to the scale of a compute node
equipped with multiple GPUs, while managing memory and task
scheduling transparently.

The primary motivation for XK.BLAS was to provide a multi-
GPU backend for Krylov.jl, a collection of (block) Krylov solvers.
XK.BLAS not only enables multi-GPU execution of solvers in
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Krylovjl but also improves portability: it abstracts available de-
vices by manipulating host-memory objects (Vector, Matrix,
SparseMatrixCSR) and automatically moving memory to execut-
ing devices. To implement this backend, we extended XKBlas with
support for selected BLAS 1 and 2 routines (axpy, dot, scal, gemv,
spmv, etc.). Evaluations show 2.5 x slowdown on the smallest eval-
uated matrix (nasasrb) due to overhead induced by memory coher-
ence automation. Overheads are fully amortized on large matrices
(e.g., Queen_4147)—and we show up to 2.8x speedup when auto-
matically scaling from 1 to 4 H100 GPUs within the same node.
XK.BLAS also demonstrates portability by executing on three dis-
tinct multi-GPU architectures (MI1250X, PVC, H100).

Future work within the XKRT and XK.jl ecosystem includes:

e Enhanced BLAS and LAPACK support: Extending XKBlas
to implement additional BLAS and LAPACK routines will auto-
matically propagate improvements to XK.jl and its BLAS mod-
ule. For example, spmv is not yet available on AMD / Intel
GPUs, and several LAPACK routines are required to fully sup-
port Krylov.jl’s block solvers.

e Batching command submissions: As shown in section 4.2.2,
the latency overheads of eagerly submitting GPU operations cur-
rently limit Krylov.jl performance for small matrices, due to
frequent CPU-GPU synchronization. Thanks to its underlying
macro-dataflow model (XKRT), XK.BLAS could support op-
eration batching (i.e, submitting large CUDA/HIP Graphs, or
Level Zero command lists) to reduce overheads. We are currently
exploring this direction that would improve the performance
of both Krylov.jl and MUMPS. However, we expect Krylov.jl
source modifications, so that the entire solver is exposed as a task
dependency graph. For instance, NVIDIA provides an example
for Conjugate Gradient using CUDA graphs *.

¢ Embedding a kernel language: XK.jl currently supports a pro-
totype that falls back to Julia’s embedded LLVM compiler for
NVPTX. Integrating a kernel language within XK.jl, combined
with its macro-dataflow model, could enable JIT kernel fu-
sion and improve programmer productivity, similar in spirit to
pytorch.compile [5].

Finally, from a Julia runtime perspective, we encountered chal-
lenges running Julia code via FFI on XKRT “foreign” threads, of-
ten leading to deadlocks or requiring workarounds °. We believe
these issues stem from design choices in Julia’s tasking runtime
rather than fundamental language limitations, and plan to investi-

gate more robust solutions in future work.
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APPENDIX

A. Matrices

The following figures are visualization of non-zero elements from
matrices similar to the one used in Table 2.

Remark: Sizes differ from our evaluations (Section 4) but the spar-
sity patterns are identical. We reduced the sizes to avoid rendering
artifacts.

Fig. 8: A matrix M; of size n =
9,261 and 62, 181 non-zeroes

Fig. 9: A matrix My of size n =
540 and 8, 784 non-zeroes

Fig. 10: A matrix M3 of size
107,811 and 64,701,513
non-zeroes

n =
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