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Reduced Precision and Data Compression in Scientific Applications 

DAREXA-F Workshop, December 2025
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Evolution of GPU Hardware
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Evolution of GPU Hardware

Blackwell + Emulation

(1)FP64 Tensor uses Ozaki-I on GB200 with 10% ESC+ADP overhead

(2)FP32 Tensor uses BF16x9
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Ozaki Scheme (Ozaki I)
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Solving a real-world problem
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Performance Limiters

Assumption: Compute and Communicate can overlap
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Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

NVIDIA GH200

34 teraFLOPS

67 teraFLOPS
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Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

Memory-bound operations

(sparse linear algebra)

• data access in low precision

• faster access

Compute-bound operations

(dense linear algebra)

• run arithmetic in low precision

• faster because of higher FLOP/s
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Evolution of Performance and Memory Bandwidth

Jack Dongarra and David Keyes. "The co-evolution of computational physics 

and high-performance computing." Nature Reviews Physics (2024).

Widening performance gap

• FLOPS: 3.0×/2yrs, Total: 60,000x

• DRAM bandwidth: 1.6x/2yrs, Total: 100x

• Interconnect bandwidth: 1.4x/2yrs, Total: 30x
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Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

Matrix fp64

Matrix fp32

56 FLOPs while accessing one value…

Unused Compute
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Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

Matrix fp64

Matrix fp32

Use some of the “free” flops to 

compress the data, therewith 

increasing the bandwidth roof.

Unused Compute
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A simple Compression in the Memory Accessor: Mixed Precision
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Compressing Approximate Operators

• Preconditioning iterative solvers

• Idea: Approximate inverse of system matrix to make the system “easier to solve”:

and solve                                                                                             .

• Block-Jacobi preconditioner is based on block-diagonal scaling:

• Each block corresponds to one (small) linear system.

• Larger blocks typically improve convergence.

• Larger blocks make block-Jacobi more expensive.
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Compressing Approximate Operators

• Preconditioning iterative solvers

• Idea: Approximate inverse of system matrix to make the system “easier to solve”:

and solve                                                                                             .

• Block-Jacobi preconditioner is based on block-diagonal scaling:

• Each block corresponds to one (small) linear system.

• Larger blocks typically improve convergence.

• Larger blocks make block-Jacobi more expensive.

• Can we compress the preconditioner matrix          ? 

• Use the memory accessor to store the inverted diagonal blocks in lower precision.

• Be careful to preserve the regularity of each inverted diagonal block!

Data	Accessor
Lossy Compression
• Low	precision
• Custom	formats
• ZFP,	SZ,	…

Compressed	Data

IEEE	754	DP

Memory

Processing	Units

Memory	Operations

Arithmetic	Operations

Lossless	Compression
• Huffman	encoding
• LZ77,	LZ78
• …
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Approximate Operators using the Memory Accessor

+ Regularity preserved;

+ Flexibility in the accuracy;

+ ”Not a low precision preconditioner”

+ Preconditioner is a constant operator;

+ No flexible Krylov solver needed ;

- Overhead of the precision detection 

(condition number calculation);

- Overhead from storing precision information

(need to additionally store/retrieve flag);

- Speedups / preconditioner quality problem-dependent;

• Choose how much accuracy of the preconditioner
should be preserved in the selection of the storage format.

• All computations use double precision, 
but store blocks in lower precision.
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Flegar, Anzt, Cojean, Quintana-Orti. 
”Customized-Precision Block-Jacobi 
Preconditioning for Krylov Iterative Solvers on 
Data-Parallel Manycore Processors”. TOMS, 
2021.
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Approximate Operators using the Memory Accessor

• Preconditioning iterative solvers

• Idea: Approximate inverse of system matrix to make the system “easier to solve”:

and solve                                                                                             .

• Incomplete Sparse Approximate Inverse Preconditioner 

• with

• uses sparsity pattern of      ;
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Göbel at al: Mixed Precision Incomplete and Factorized Sparse Approximate Inverse Preconditioning on GPUs, EuroPar 2021.

Data	Accessor
Lossy Compression
• Low	precision
• Custom	formats
• ZFP,	SZ,	…

Compressed	Data

IEEE	754	DP

Memory

Processing	Units

Memory	Operations

Arithmetic	Operations
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Memory Accessor Research

How do we preserve numerical stability?

• Preserve regularity of preconditioner
• Avoid over/underflow

BUT: 
• Global preconditioners are costly to analyze..
• Ideas? 
• Quick estimate of eigenvalues / condition number?

How can we achieve higher compression rates?

• Compression often use pattern recognition/interpolation
• Larger blocks of data allow for higher compression rates

BUT: 
• Memory accessor can only operate in registers
• Often, algorithms need Random Memory Access (RMA)
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Activities going forward: There's plenty of room at the Top

Unused Compute

Matrix fp64

Matrix fp32

56 FLOPs while accessing one value…
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What will the future bring?

▪ AI is dominating the hardware market.

▪ Matrix multiplication in low precision. 

▪ Low precision will become the major format supported by hardware (16 bit? 8bit? 4bit?).

▪ We will likely emulate higher precision. 
(Ozaki scheme etc. – tailored for GEMM)

▪ Bandwidth and Latency can not keep up with growth in compute power.

▪ We need use compression on all levels – likely hierarchically combined. 

▪ New algorithms need to favor computation over communication 

(including repeated computation over memory access).

▪ Power consumption.

▪ Data centers as major consumers can compensate variations in the power generation.

▪ Scientific computing will become a malleable load.
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Ginkgo High Performance Math Library

Strong scaling of Ginkgo for 3D Laplace 
problem (27pt stencil) on ORNL’s 
Frontier system (AMD MI200 GPUs). 

https://github.com/ginkgo-project/ginkgo

https://github.com/ginkgo-project/ginkgo
https://github.com/ginkgo-project/ginkgo
https://github.com/ginkgo-project/ginkgo
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