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Objective: One SVD for all data sizes 
& hardware environments
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Tools: abstractions in Julia

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)
   return A
end

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

function GETSMQRT!(A::LargeMatrix, ...)    
   GETSMQRT!(A.data[k],...)    
   ... #communication CPU-GPU    
   KernelAbstractions.@synchronize 
end

async

E.g. DOBI-SVD (Wang, e.a., 2025)

Linear algebra is everywhere: e.g. 
Low-Rank approximation (LoRa) in 
Large Language Models (LLMs)

(Bezanson, e.a., 2019)

Multiple-dispatch 
provides composability

Kernel abstractions: 
portable kernels

Array abstractions: 
portable CPU - GPU

Alternative: A generic extensible SVD
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Complex heterogenous environments, mixed-precision set-ups, 
New hardware types and data precisions

Data fits 
in GPU

Data larger 
than GPU

Using GPU
 vendor software

Algorithm: QR block-bidiagonalization (Haidar e.a.,2013)

Current situation: specialized libraries for every hardware

Include communication in existing algorithm through multiple-dispatch:

The algorithm: two-stage bandreduction

Previous work (ICPP’25): GPU-resident unified singular 
values with similar performance as vendor libraries

(Ringoot, e.a., 2025)

GEQRT: 1 threadblock with (TILESIZE,SPLITK) threads

∀ thread i: load subcolumn 
into thread memory 
(register)
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FOR K = 1: TILESIZE – 1 (calculate householder HH vector)

Threads of column K: load column 
into shared block memory 
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Thread memory (register)

Block shared memory

SYNC THREADS

∀ thread i: load subcolumn 
back into global memory 
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∀ thread i: load value 
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UNMQR: N threadblocks with (COLPERBLOCK) threads

∀ thread i: load subcolumn 
into thread memory 
(register)

i=   1    2   3   4

FOR K = 1: TILESIZE – 1 (calculate householder HH vector)
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∀ thread i:
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∀ thread i: load subcolumn 
back into global memory 
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∀ thread i: load value τi into 
block shared memory
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∀ thread i: load value Ai,K 
into block shared memory
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Optimized GPU kernels with hardware- and precision- adaptable hyperparameters:

Unified and performant across 
hardware and precision (ICPP’25)

Literature: minimize total communication Proposed: balancing computation & communication

Hardware

MI250L40S/H100

Open-source code

For every N diagonal tile, for every row communicate
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For every diagonal tile, for every row communicate and compute

Keep lower right part in GPU 
memory to reduce communication

In GPU memory
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For every row, for every 
diagonal tile 1 to N compute

Keep more top rows in 
memory to increase 

parallelism

Out-of-core includes CPU-GPU 
communication & scales similarly to in-GPU

GPU resident
Data < GPU memory

Out-of-Core GPU-accelerated
Data > GPU memory: compute on GPU, store data on CPU
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Unified across 
hardware and 

precision

Unified function 
performs on-par 

with vendor libraries

Julia
unified

GPU 
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limit

Vendor library 
& unified in-GPU 

limit

(Ringoot, e.a., 2025)
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