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1 Introduction

Today’s algorithms process terabyte-scale datasets [4, 8]. Among
dimensionality-reduction techniques, the Singular Value Decompo-
sition (SVD) is particularly important as it is rank-revealing [7]. For
example, in Low-Rank Adaptation of large language models [5], the
SVD reduces trainable parameters, thereby lowering inference time
and storage needs while preserving accuracy.

However, the diversity of emerging architectures—including
multi-core CPUs, GPUs, and specialized accelerators—combined
with the explosion of data precisions (e.g., FP64, FP32, FP16, BF16)
poses a fundamental challenge for performance portability. Tradi-
tional HPC libraries, such as cuSOLVER, oneMKL, MAGMA, and
SLATE [3] are hardware-specific and require separate implementa-
tions for different architectures and data precisions. This fragmen-
tation creates significant challenges when scaling workloads across
heterogeneous environments where computation must seamlessly
transition between devices, exploit mixed-precision arithmetic, and
adapt to rapidly evolving hardware. In addition, development time
and user complexity increase with every specialized library. With
this work, we aim to propose an alternative: a unified compos-
able singular value solver, where new hardware can be seamlessly
plugged into the existing algorithms.

In previous work [9], we addressed the divergence in GPU-
resident linear algebra libraries by developing an open-source singu-
lar value solver that delivers performance comparable to specialized
libraries across multiple data precisions and GPU platforms, includ-
ing NVIDIA, AMD, Intel, and Apple Silicon. demonstrating that
portability does not need to come at the cost of performance. In this
work, we present an out-of-core GPU-accelerated singular value
solver designed to achieve performance portability that:

o Unifies heterogeneous hardware under a single extensible
interface.

e Supports multi-precision to exploit the full capabilities of
modern accelerators.

e Provides out-of-core scalability for datasets larger than GPU
memory.
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2 Methods

We build on the QR-based communication algorithm proposed by
Kabir et al. [2, 6]: for every diagonal tile of the matrix, a unitary
transformation is calculated that renders the first block column
upper triangular (RQ sweep) and the first block row lower diagonal
(LQ sweep), resulting in a banded matrix (Figure 1). In the out-of-
core implementation, every block row (RQ sweep) or block column
(LQ sweep) is loaded into GPU memory successively, leveraging
the GPU for computation and the CPU for data storage, while
overlapping communication and computation. Once the remaining
lower left part of the matrix fully fits into GPU memory, a GPU-
resident computation without CPU-GPU communication follows.
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Figure 1: The classic two-stage QR-based SVD. From [9].

While the communication strategy from Kabir et al [6] was de-
signed to minimize total communication cost, novel developments
in low-latency hardware with higher memory have shifted the focus
to balancing communication and computation to achieve maximum
total performance. As such, while the previous proposed commu-
nication strategy is to keep the top row in GPU memory together
with the lower right partition, we propose keeping a larger number
of top rows in memory instead, more efficiently making use of the
GPU computing power, as shown in Figure 2.

1 1n 6PU memory Communication CPU-GPU

For every diagonal tile, for every row communicate and compute

v

T ]
>
I 1
H LLL = L
| m | -
I ]
I

|
1
>
]
-
-
]

T
I
T
T
B HHH

Keep lower right part in GPU memory to
reduce communication

For every N diagonal tile, for every row communicate

Keep more top rows in memory to
increase compute/comm

———t

A N
[
I
1

>

>

-

-

For every row, for every
diagonaltile 1to N compute

Figure 2: The optimized data communication strategy (bot-
tom) compared to the method proposed by Kabir et al (top).
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Figure 3: Runtime of the unified out-of-core singular value solver, compared to the in-GPU unified solver, CUSOLVER, and
LAPACK on the CPU using 32 threads: the out-of-core solver outperforms the CPU-based LAPACK solver, while handling

matrix sizes larger than the in-GPU solver and CUSOLVER.

We build this algorithm utilizing the multiple-dispatch capa-
bilities of the Julia language [1]. In particular, we implement a
LargeMatrix format, and re-use the previous GPU-resident al-
gorithm for the reduction to band form for both LargeMatrix
and AbstractGPUMatrix. Only in the subfunction GETSMQRT does
the algorithm then split off to include communication for the
LargeMatrix format, as shown in Algorithm 1.

Algorithm 1 Julia: stage one of the QR-based SVD, extended from
(]

function banddiag!(A:: GPUorLargeMatrix{T}, Tau::
AbstractGPUMatrix{T}, N::Int, backend) where T
for k in 1:(N-1)
GETSMQRT ! (A, Tau,k, N, backend)
GETSMQRT! (A", Tau,k, N, backend,

"LQ")
end
GETSMQRT! (A, Tau,N, N, backend)

end

function GETSMQRT!(A:: AbstractGPUMatrix, ...)
GETSQRT_fused ! (A, k)
UNTSMOQR_fused ! (A, k)

end

function GETSMQRT!(A::LargeMatrix, ...)
GETSMQRT!(A. data[k] ,...)

#communication CPU-GPU

KernelAbstractions . @synchronize

end

3 Results

Figure 3 shows that our Julia-based unified out-of-core implementa-
tion consistently outperforms CPU-based solutions such as LAPACK,
while also enabling the processing of matrices exceeding the GPU
memory capacity—a limitation for both cuSOLVER and the unified
in-GPU Julia implementation, which performs on-par with vendor
libraries[9]. Although matrices that fit entirely within GPU memory
are typically dispatched to the in-core algorithm, for benchmark-
ing purposes, we evaluate the out-of-core implementation under

constrained memory conditions: the GPU is assumed to accom-
modate only the lower-right quarter of the matrix at each size.
Consequently, the out-of-core algorithm executes on half of the
rows and columns, while the remaining quarter is processed in-
core, allowing us to study the scaling behavior across a wide range
of matrix sizes.

In addition to providing performance across matrix sizes, our
implementation is agnostic to data precision and hardware architec-
ture. Figure 4 shows the performance on AMD GPUs and NVIDIA
GPUs for various data sizes and types.
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Figure 4: Runtime of the unified out-of-core singular value
solver across hardware and precision.
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