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Algorithmic Solutions for HPC Applications

Stochastic Algorithms

• Approximating gradient / Hessian 
by using subsampling methods to 
reduce per iteration cost

• Randomness increases possibility 
to reach the global minimum

Algebraic Compression

• Exploiting the exponential decay of 
singular values inside data matrices

• Deploying SVD-like algorithms to 
select k largest singular values / 
vectors up to application required 
accuracy to carry on computation

Linear Algebra Runtime System

• Hiding data movement by 
asynchronous execution in run time 
system

• Mixed precision computation in 
runtime system



AMD EPYC Processors
• Rome / Milan: up to 256 MB
• Milan-X: up to 768 MB
• LLC Bandwidth: 3.7 TB/s

Low / Multi PrecisionHBM Technology

NEC Vector Engine: 1.2 TB/sFUJITSU FX1000 ARM: 1 TB /s

AMD Instinct MI 250: 3.2 TB/s

Huge Last Level Cache

NVIDIA Hopper GPU: 3 TB/s

Static Random-Access Memory
From AI accelerator

Emerging new hardware and features
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• Distorts the trajectory of light rays
• Reduces astronomy images quality

The Atmosphere Turbulence

Incoming plane 
wavefronts

Earth’s atmosphere

Turbulent eddies

“Corrugated” wavefronts



9

Adaptive Optics System: Soft Real-Time 
Controller and Hard Real-Time Controller 

Control System

SRTC: Extract the atmosphere turbulence parameters
HRTC: Apply the correction
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Closer Look at Soft Real-Time Controller

• We can also get an expression of covariance matrix 
using WFS’s physical locations and parameters.

• We can split the turbulence eddies by several layers. 
Parameters of each layer is turbulence strength and 
bi-dimensional wind velocities.

Simplified wavefront sensor array Covariance matrixAtmosphere turbulence model

Layer 1

Layer 2

Layer 3

…

How to build model? Generation of covariance matrix
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Problem Definition and Stochastic Levenberg-Marquardt Method

Problem definition𝐹 𝑥 = 𝑣𝑒𝑐(𝐶!,#$%$ 𝑥 − 𝐶!,#%&')

# of elems ≈
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𝐽/ = 𝑆/∇𝐹(𝑥/) 7𝑔/ = ∇𝐹(𝑥/)𝑆/𝐹/
Stochastic Jacobian vector Stochastic gradient vector

Approximated Hessian Fixed Regularization 1e-6

10 layer analytical atmosphere 
model suggested by European 
Southearn Observatory:
• Trubulence strength, 
• Bi-dimentional wind velocity
30 parameters in all

Measurement numerical data 
is collected accumulatively 
every 15s to 30s to get higher 
enough signal-noise ratio.

Our SLM leverages data sparsity of the matrix and use 
a sub-sampling method to solve the problem. It 
randomly selects items inside Covariance matrix to 
form the approximated gradient and Hessian.

STOA: Levenberg-Marquardt Method
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Theory

• The Minimum of the gradient norm square over iterations is of the order of 
Ο( -

01-
), which is the classical complexity bound know for SGD and its 

variants.
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Implementation

• Stochastic Hessian and Gradient Kernel Design (the most time consuming kernel in SLM)

• Block Random Index

• Reduction Optimization

We design stochastic HG kernel to compute approximate Hessian and gradient. Each 
CUDA thread is responsible for one sample in the optimization problem. We get numerical 
Jacobian using finite difference approximation.

If we select index randomly, we will have irregular memory access 
issue. We group the index together and select the Index by group 
id to have coalesced memory access pattern.

We use NVIDIA cub library to perform block-level reduction. Then we use atomic operation 
for global reduction.



3.6x

1.27x

Performance

Performance Decomposition of Stochastic HG Kernel

Time breakdown of 1 iteration SLM method
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End-to-End Simulation of SLM with Different Data Fractions

• Strehl Ratio (SR) is the most important criteria for AO system, 1% difference is significant.
• Optimal SR (using ground truth parameters) for this system is 25.57%.
• When we further decrease data fraction below 1e-3, it will damage final SR.
• 1e-3 is a data fraction level that balance efficiency and SR.
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Numerical Results using a single NVIDIA A100 GPU

• Optimal Strehl Ratio is 25.6%.
• Levenberg-Marquardt method is 25.6%.
• SLM and Adam reach optimal Strehl Ratio.

Experiment Setting for different optimizer 
parameters (tuned for fastest convergence):
df = 1e-3, lr=0.5, 𝜇 = 1𝑒23,𝜀 = 1𝑒24
Time out for stochastic algorithms: 10 s.
• SLM converges fastest among all optimizers.
• LM is much slower than other optimizers.

Theory convergence Ο( -
01-

)
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Remarks

Ø Accelerating the soft real time controller of AO system by

• Designing Stochastic Levenberg-Marquardt Method

• Presenting the theory of SLM Method with fixed regularization

• Implementing and optimizing new stochastic HG kernel 

• Comparing the performance of SLM with other first-order methods 
and origin LM method
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• Predictive control (LQG) for better closed-loop performance of SRTC (Strehl Ratio > 40% for large 
dimension):

• Engenders (thought to be) prohibitive arithmetic complexity

• D is spacial resolution, the larger the better. The largest D we investigate is 28210.
• Defined as an iterative procedure converging to the solution
• Rich matrix operations in Level-3 BLAS
• Represents a good candidate for GPU hardware accelerations 
• Requires a large memory footprint

19

The Discrete time Algebraic Riccati Eequation (DARE)
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The Discrete time Algebraic Riccati Eequation (DARE)

Block Algorithms

Tile representations
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Impelmentation and Optimization Details

• Rely on Chameleon v1.1
• Powered by StarPU v1.3.9 dynamic runtime 

system
• Vendor software stack

• NVIDIA CUDA v11.4
• Intel MKL BLAS v2020

• Hardware settings
• Host: dual-socket 28-core Intel IceLake
• Devices: 4 NVIDIA A100 GPUs (80GB)
• 1TB main memory

• Asynchronous kernel executions
• Overlap data movement with useful computations
• Increase hardware occupancy
• Enhance data locality

• Multithreaded BLAS on CPU
• GPU likes large tile sizes
• CPU saturates with large tile sizes
• Relieve CPU pressure by enabling multithreaded 

BLAS
• Reduce the critical path

• Structure-aware matrix computations
• Non-symmetric matrices
• But diagonal dominant
• Use of LU-based solver with no pivoting instead of 

QR-based solver
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Computation DAG of DARE

Single Synchronized Iteration

Single Asynchronized Iteration

Five Asynchronized Iterations



23

● 6X against CPU
● Around 7min for the large MAVIS dimension

Performance Breakdown

Peak A100 FP64 
(Tensor Core) 
FLOPS: 19.5 TFLOPs/s
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● Decent scalability for large number of modes

Scalability Results
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Remarks

Ø Accelerating the soft real time controller of AO system by

• Designing high performance DARE implementation with several 
optimization strategies.
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• Input is SRTC output – control matrices.

• Computations are a serial of dense matrix vector 
multiplications.

• Output is sent to deformable mirrors to 
compensate for wavefront distortions.

• Typical rate of operation is 1kHz.

• Compute pipeline latency below 1 millisecond.

• Stable time-to-solution is critical to ensure stable 
operations  (jitter of the order of 10s of µs).

The Hard Real-Time Controller

AO Control System
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• The physical accuracy of deformable mirrors is limited
• There are potential opportunities to do approximated computing

Key Hardware Component: The Deformable Mirrors
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MAVIS AO System

3rd-generation instrument for the Very Large 
Telescope
• Scaling up the whole AO concept:
• More actuators
• Faster control system

• Fast-track project:
• First-light by 2026

• Deeper & Sharper than any space-based 
instruments
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Data structure of Tomographic Reconstructor

Typical reconstruction matrix for MAVIS (tomography + predictive control)
● Mapping WFS measurements (~20k) to actuators (~5k)
● Apparently very structured,connected to system parameters (WFS dimensioning)
● Structure agnostic to turbulence parameters
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Rank Analysis

Splitting the matrix into tiles and assessing ranks
● Tiles size aligned with system parameters 
● Data sparse, opportunities for low-rank matrix approximation
● Assuming constant tile size (may be sub-optimal
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A vast majority of the tiles have low ranks (i.e., smaller than half of the tile size) => data 
sparsity structure, opportunity for low-rank approximations

Rank Analysis



A
4 x 6 tiles

x

y
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How to leverage data sparsity?
Dense Matrix-Vector Multiplication

Tile Low-Rank Matrix Vector Multiplication (TLR-MVM)

PhD Defense - Yuxi Hong



A
4 x 6 tiles

Compress (SVD-like algorithm)

U bases
V bases

x
Ranks can be 

different
Only once 
upfront!

y
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TLR-MVM Algorithm Explanation

PhD Defense - Yuxi Hong



U bases
V bases

x

y

Stack U and V bases

Only once 
upfront!
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TLR-MVM Algorithm Explanation

PhD Defense - Yuxi Hong
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U bases
V bases

Yv
Rely on batch GEMV 
calls w/ variable 
sizes

V

Phase 1: Calculate (per red part): Yv = V . x

36

TLR-MVM Algorithm Explanation

PhD Defense - Yuxi Hong



U bases
V bases

Yu

Yv

Phase 2: reshuffle Yv (V bases) to Yu (U bases)
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TLR-MVM Algorithm Explanation

PhD Defense - Yuxi Hong



U bases
V bases

Yu

y
U

Rely on batch GEMV 
calls w/ variable 
sizes

Phase 3: Calculate y = U . Yu
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TLR-MVM Algorithm Explanation

PhD Defense - Yuxi Hong
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Numerical Accuracy Assessment on MAVIS 
Datasets

Error Threshold
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x86

Hardware / Software Specifications

Vector EnginesARM

MPI + OpenMP
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Accelerators
HIP (rocBLAS) / CUDA (cuBLAS)

Hardware / Software Specifications
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HBM

Hardware / Software Specifications
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Hardware / Software Specifications
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Sustained Bandwidth on Synthetic Datasets

Higher
is

better

Rely on batch GEMV calls

w/ constant sizes

Lower
is

better

Time to solution on Synthetic Datasets

Results on synthetic datasets
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Dense Vs TLR-MVM:  Time Breakdown on Synthetic Datasets

Rely on batch GEMV calls

w/ constant sizes

Lower
is

better
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Sustained Bandwidth on MAVIS Datasets

Higher
is

better

Rely on batch GEMV calls

w/ variable sizes

Lower
is

better

Time to solution on MAVIS Datasets

Results on MAVIS datasets

EPYC -> EPIC!
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Roofline Performance Model of AMD EYPC Rome
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Bandwidth / Time Jitter on MAVIS Datasets
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Remarks

Ø Accelerating the hard real time controller of AO system by

• Tile Low-Rank Matrix Vector Multiplication (TLR-MVM)

• Evaluating the numerical accuracy with compression threshold 

• Finding AMD EYPC Rome’s huge LLC has great impact to performance!
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Seismic Imaging – a target-oriented 
perspective
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Seismic Imaging – a target-oriented 
perspective

PhD Defense - Yuxi Hong
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Seismic Imaging – move the acquisition to the 
target

PhD Defense - Yuxi Hong
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Seismic Imaging – image/invert where you 
care

PhD Defense - Yuxi Hong
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Marchenko Redatuming – mathematical 
formulation

Forward: 2 MDC, Adjoint: 2 MDC
CGLS (10 iterations): 40 MDC

Task % for one iteration of CG: Operator
overhead

CG
overhe
ad

R, R*: Multi-dimensional convolution operators (MDC)

PhD Defense - Yuxi Hong
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Marchenko Redatuming – modelling operator

Multi-dimensional
convolution (MDC)

Real IFFT Batch matrix vector 
multiplication RestrictionPadding

Real FFT (r is real)

PhD Defense - Yuxi Hong
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Marchenko Redatuming – dataset

Redatuming carpet @ 650m

Marchenko lines in displays

- Subsurface model of size 1.8km x 1.2km x 1km
- Regular carpet of sources and receivers
NS = NR = 9801,    dxS = dxR = 15m

PhD Defense - Yuxi Hong
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Rank Analysis

• Rank summation is larger 
as the matrix frequency 
index increases.

• Low rankness matrix structure of 
frequency 33 Hz (index=100):

The workload is 150 MVMs, where each 
matrix size is 9801 x 9801. Each matrix 
corresponds to information from a single 
frequency.

• Rank distribution of tiles: 
Most matrix ranks are 
below the critical threshold.

PhD Defense - Yuxi Hong
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Load balancing optimizations – Phase Merge Strategy

• Merge phase to reduce synchronization and switch 
static scheduling to dynamic scheduling for intra-node 
load balancing.

2𝐹 synchronization 2 synchronization

PhD Defense - Yuxi Hong
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• Zigzag Mapping strategy for inter-node load balancing.

Load balancing optimizations – Zigzag Mapping Strategy

Allocate by chunks

Allocate by Zigzag

PhD Defense - Yuxi Hong
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TLR-MVM Approximation

error threshold

• TLR-MVM introduces negligible error to the final images.

PhD Defense - Yuxi Hong



62

Load imbalance on real seismic 
dataset

PhD Defense - Yuxi Hong
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FLOPs counts on 8 VEs using different load balancing strategies

Reference Merge-Phase

ZigZag mapping Both (b) and (c)
PhD Defense - Yuxi Hong
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Performance comparison on Intel and NEC platform

PhD Defense - Yuxi Hong
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Scalability Results

100TB/s!

PhD Defense - Yuxi Hong
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TLR-MVM on GraphCore platforms

Will HPC applications benefit from AI accelerators? Yes!

• We conduct the experiments on seismic redautming dataset.
• We execute TLR-MVM for each frequency matrix.
• We have seen a significant performance improvement over other architectures.
• Our implementation scores more than 1 TFlops/s for a memory-bound kernel.

PhD Defense - Yuxi Hong
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TLR-MVM on Cerebras CS-2 platforms

PhD Defense - Yuxi Hong
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Remarks

Ø Accelerating the Seismic Redatuming application by 

• Designing Batched TLR-MVM

• Evaluating the numerical accuracy and trade-off of compression and acceleration

• Leveraging Merge phase and Zigzag mapping load balancing strategies

• Implement TLR-MVM on GraphCore AI Accelerators

PhD Defense - Yuxi Hong
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Mixed-Precision TLR-MVM in Seismic Redatuming

ØDistance-aware matrix reordering method – a geometric way to 
exploit data sparsity

ØExplore GPU implementation

ØLeveraging lower precision such as FP16 or INT8

PhD Defense - Yuxi Hong
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Receivers

So
ur

ce
s

Distance-aware matrix reordering method 

PhD Defense - Yuxi Hong
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Receivers

So
ur

ce
s

Distance-aware matrix reordering method 

PhD Defense - Yuxi Hong
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Receivers

So
ur

ce
s

Single frequency matrix

Distance-aware matrix reordering method 

PhD Defense - Yuxi Hong



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/ 74

Receivers

So
ur

ce
s

Distance-aware matrix reordering method 

PhD Defense - Yuxi Hong
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Receivers

So
ur

ce
s

Distance-aware matrix reordering method 

PhD Defense - Yuxi Hong
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Data size:   29 GB (C. Factor ≈ 3.97) 7.5 GB (C. Factor ≈ 15.36) 6.6 GB (C. Factor ≈ 17.46)

Distance-aware matrix reordering method 

PhD Defense - Yuxi Hong
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TLR-MVM Execution DAG on GPU using streams and Graph API

Start of 
Graph

MVM on 
stream 1
MVM on 
stream 2

MVM on 
stream 19

.

.

MVM on 
stream 0

Phase 2 on 
stream 0

MVM on 
stream 1
MVM on 
stream 2

MVM on 
stream 19

MVM on 
stream 0

End of 
Graph

Phase 1: 
Batch MVM on 20 streams

Phase 3: 
Batch MVM on 20 streams

.

.

MVM on 
stream 0

Graph Representation of TLR-MVM

PhD Defense - Yuxi Hong
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CUDA Thread Element of U / V bases and x

32 Threads 

Vectorized Memory Access Warp-level Reduction

U / V bases

Vector x

Thread 0 

Thread 1 

Thread 2 

Thread 3 

32 Threads 

32 Threads 

32 Threads 

Vectorized Memory Access

CUDA Threads Layout and Kernel 
Optimizations

PhD Defense - Yuxi Hong
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(nb⇥Ri)

MVM 
Accumulate

<latexit sha1_base64="o9azi57rj1rxpW521hcy6ue0g0Q=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoMQL2FXRD0GvXiMYB6QLGF2MpsMmZ1dZ3oDIeQ7vHhQxKsf482/cZLsQRMLGoqqbrq7gkQKg6777eTW1jc2t/LbhZ3dvf2D4uFRw8SpZrzOYhnrVkANl0LxOgqUvJVoTqNA8mYwvJv5zRHXRsTqEccJ9yPaVyIUjKKV/LIKSAdFxA3xzrvFkltx5yCrxMtICTLUusWvTi9macQVMkmNaXtugv6EahRM8mmhkxqeUDakfd62VFG7x5/Mj56SM6v0SBhrWwrJXP09MaGRMeMosJ0RxYFZ9mbif147xfDGnwiVpMgVWywKU0kwJrMESE9ozlCOLaFMC3srYQOqKUObU8GG4C2/vEoaFxXvquI9XJaqt1kceTiBUyiDB9dQhXuoQR0YPMEzvMKbM3JenHfnY9Gac7KZY/gD5/MHL8yREg==</latexit>

(nb⇥ 1)

upscale to 
FP32 and

cast to FP16

downscale

Phase 1 DownscaleDownscale

Phase 2

MVM 
Accumulate

MVM 
Accumulate

Phase 3

<latexit sha1_base64="o9azi57rj1rxpW521hcy6ue0g0Q=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoMQL2FXRD0GvXiMYB6QLGF2MpsMmZ1dZ3oDIeQ7vHhQxKsf482/cZLsQRMLGoqqbrq7gkQKg6777eTW1jc2t/LbhZ3dvf2D4uFRw8SpZrzOYhnrVkANl0LxOgqUvJVoTqNA8mYwvJv5zRHXRsTqEccJ9yPaVyIUjKKV/LIKSAdFxA3xzrvFkltx5yCrxMtICTLUusWvTi9macQVMkmNaXtugv6EahRM8mmhkxqeUDakfd62VFG7x5/Mj56SM6v0SBhrWwrJXP09MaGRMeMosJ0RxYFZ9mbif147xfDGnwiVpMgVWywKU0kwJrMESE9ozlCOLaFMC3srYQOqKUObU8GG4C2/vEoaFxXvquI9XJaqt1kceTiBUyiDB9dQhXuoQR0YPMEzvMKbM3JenHfnY9Gac7KZY/gD5/MHL8yREg==</latexit>

(nb⇥ 1)
<latexit sha1_base64="oReGngj5PADApFuqbRP2aaQ67aM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eKxhbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivd+z3eq9bcujsDWSZeQWpQoNmrfnX7CctilIYJqnXHc1MT5FQZzgROKt1MY0rZiA6wY6mkMeogn506ISdW6ZMoUbakITP190ROY63HcWg7Y2qGetGbiv95ncxEV0HOZZoZlGy+KMoEMQmZ/k36XCEzYmwJZYrbWwkbUkWZselUbAje4svL5PGs7l3UvbvzWuO6iKMMR3AMp+DBJTTgFprgA4MBPMMrvDnCeXHenY95a8kpZg7hD5zPHy02jbs=</latexit>

Ui
<latexit sha1_base64="wnIn5RCeWXn6w3sikeTlhKNh+ZI=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0lE1GPRi8cK9kPaEDbbSbt0swm7G6GU/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvTAXXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1EmmGDZYIhLVDqlGwSU2DDcC26lCGocCW+Hwduq3nlBpnsgHM0rRj2lf8ogzaqzUqjwG2VnAg1LZrbozkGXi5aQMOepB6avbS1gWozRMUK07npsaf0yV4UzgpNjNNKaUDWkfO5ZKGqP2x7NzJ+TUKj0SJcqWNGSm/p4Y01jrURzazpiagV70puJ/Xicz0bU/5jLNDEo2XxRlgpiETH8nPa6QGTGyhDLF7a2EDaiizNiEijYEb/HlZdI8r3qXVe/+oly7yeMowDGcQAU8uIIa3EEdGsBgCM/wCm9O6rw4787HvHXFyWeO4A+czx+IVI8M</latexit>

(Yu)i
<latexit sha1_base64="yoFLqK4vLWy+6IkZQCtwcpa0Udg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9kPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/VbT6g0j+WDGSfoR3QgecgZNVa6f+zxXrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPIzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndR9e7OK7XrPI4iHMExnIIHl1CDW6hDAxgM4Ble4c0Rzovz7nzMWwtOPnMIf+B8/gAzTo2/</latexit>

Yi

FP32 FP16 INT32 INT8 

<latexit sha1_base64="euoWVEK1Z0VGXyW6b0zpjOzy2mg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9kPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSATXxnW/nMLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/NbY1Sax/LBTBL0IzqQPOSMGivdP/bGvXLFrbpzkL/Ey0kFctR75c9uP2ZphNIwQbXueG5i/Iwqw5nAaambakwoG9EBdiyVNELtZ/NTp+TEKn0SxsqWNGSu/pzIaKT1JApsZ0TNUC97M/E/r5Oa8MrPuExSg5ItFoWpICYms79JnytkRkwsoUxxeythQ6ooMzadkg3BW375L2meVb2Lqnd3Xqld53EU4QiO4RQ8uIQa3EIdGsBgAE/wAq+OcJ6dN+d90Vpw8plD+AXn4xtHAo3M</latexit>

Yv
<latexit sha1_base64="HgIgYE1RIDm4514DvWSxN7lBbjo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9kPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuLaiFg94DjhfkQHSoSCUbTS/WMv7ZUrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+i6t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AFFfo3L</latexit>

Yu

Reshuffle

<latexit sha1_base64="HgIgYE1RIDm4514DvWSxN7lBbjo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9kPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuLaiFg94DjhfkQHSoSCUbTS/WMv7ZUrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+i6t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AFFfo3L</latexit>

Yu
<latexit sha1_base64="euoWVEK1Z0VGXyW6b0zpjOzy2mg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9kPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSATXxnW/nMLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/NbY1Sax/LBTBL0IzqQPOSMGivdP/bGvXLFrbpzkL/Ey0kFctR75c9uP2ZphNIwQbXueG5i/Iwqw5nAaambakwoG9EBdiyVNELtZ/NTp+TEKn0SxsqWNGSu/pzIaKT1JApsZ0TNUC97M/E/r5Oa8MrPuExSg5ItFoWpICYms79JnytkRkwsoUxxeythQ6ooMzadkg3BW375L2meVb2Lqnd3Xqld53EU4QiO4RQ8uIQa3EIdGsBgAE/wAq+OcJ6dN+d90Vpw8plD+AXn4xtHAo3M</latexit>

Yv
<latexit sha1_base64="HgIgYE1RIDm4514DvWSxN7lBbjo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9kPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuLaiFg94DjhfkQHSoSCUbTS/WMv7ZUrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+i6t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AFFfo3L</latexit>

Yu

Reshuffle

Downscale

MVM 
Accumulate

upscale to 
FP32

<latexit sha1_base64="xIJDiUic0e9OV7eY+Twk6tCqEUA=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMegF4/xkQckS5id9CZDZmeXmVkhLPkELx4U8eoXefNvnCR70MSChqKqm+6uIBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4b7He+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8MrPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt5F1bs7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QMopI24</latexit>

Ri
<latexit sha1_base64="ACz7bSAiOJRt1p2tlzZgbJ3ns0g=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KomIeiz24rGi/YA2lM12067dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4JRbeq3nrg2IlYPOE64H9GBEqFgFK10X+s99kplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs3zindZ8e4uytWbPI4CHMMJnIEHV1CFW6hDAxgM4Ble4c2Rzovz7nzMW1ecfOYI/sD5/AETTo2q</latexit>

Cj : rank sum along each Column / Row

FP32 
TLR-MVM

MP INT8 
TLR-MVM

MP INT8 
TLR-MVM

FP32 
TLR-MVM

FP32 
TLR-MVM

MP INT8 
TLR-MVM

<latexit sha1_base64="oz9oLTbmzKFcjPuGDYnpg+iHF7M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt2swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuLaiFg94DjhfkQHSoSCUbTSfbP32CtX3Ko7A1kmXk4qkKPeK391+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oScWKVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3x5mTTPqt5F1bs7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QMwQI29</latexit>

Vj
<latexit sha1_base64="Hu/+gV/+ALDUUuSv7BRbJFXRedk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt2swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/VbT6g0j+WDGSfoR3QgecgZNVa6b/cee+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8MrPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt5F1bs7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QMzTI2/</latexit>

Xj
<latexit sha1_base64="osQQDhPnrwjR7JyFRTOatAe7oT8=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSLUS9kVUY9FLx4r2A9plyWbZtvYbLIk2UJZ+iO8eFDEq7/Hm//GtN2Dtj4YeLw3w8y8MOFMG9f9dlZW19Y3Ngtbxe2d3b390sFhU8tUEdogkkvVDrGmnAnaMMxw2k4UxXHIaSsc3k791ogqzaR4MOOE+jHuCxYxgo2VWpXHYHQWPAWlslt1Z0DLxMtJGXLUg9JXtydJGlNhCMdadzw3MX6GlWGE00mxm2qaYDLEfdqxVOCYaj+bnTtBp1bpoUgqW8Kgmfp7IsOx1uM4tJ0xNgO96E3F/7xOaqJrP2MiSQ0VZL4oSjkyEk1/Rz2mKDF8bAkmitlbERlghYmxCRVtCN7iy8ukeV71Lqve/UW5dpPHUYBjOIEKeHAFNbiDOjSAwBCe4RXenMR5cd6dj3nripPPHMEfOJ8/i1+PDg==</latexit>

(Yv)j

/

MP INT8 TLR-MVM Explanation

PhD Defense - Yuxi Hong



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/ 80

Data size: 1.83GB
7.6GB

1.83GB24.3GB

SNR:15.3 15.3 15.6

Numerical Accuracy using MP TLR-MVM

PhD Defense - Yuxi Hong



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/ 81

Impact of # of CUDA Streams on Performance

PhD Defense - Yuxi Hong



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/ 82

Mixed-Precisions TLR-MVM Results

Time Breakdown Dataset Reduction Scalability Results

PhD Defense - Yuxi Hong



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/ 83

Comparison with other architectures

PhD Defense - Yuxi Hong



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/ 84

Remarks

Ø Accelerating the seismic redatuming applications further by 

• Designing Mixed Precision TLR-MVM
• Evaluating the numerical accuracy and trade-off of Mixed Precision TLR-

MVM
• Distance-aware matrix reordering method and Hilbert ordering
• CUDA Graph API

PhD Defense - Yuxi Hong



85

Stochastic Levenberg-Marquardt method (SLM)
Ø Yuxi Hong, El Houcine Bergou, Nicolas Doucet, Hao Zhang, Jesse Cranney, Hatem Ltaief, Damien Gratadour, 

Francois Rigaut, and David Keyes. 2021. Outsmarting the Atmospheric Turbulence for Ground-Based 
Telescopes Using the Stochastic Levenberg-Marquardt Method. In 27th International Conference on Parallel 
and Distributed Computing, Lisbon, Portugal, September 1–3, 2021, Proceedings. Springer-Verlag, Berlin, 
Heidelberg, 565–579. (EuroPar 21) https://doi.org/10.1007/978-3-030-85665-6_35

Selected Publications

Tile Low-Rank Matrix Vector Multiplication (TLR-MVM)

PhD Defense - Yuxi Hong

Ø Hatem Ltaief, Jesse Cranney, Damien Gratadour, Yuxi Hong, Laurent Gatineau, and David Keyes. 2021. Meeting the 
real-time challenges of ground-based telescopes using low-rank matrix computations. In Proceedings of the 
International Conference for High Performance Computing, Networking, Storage and Analysis (SC 21). Association for 
Computing Machinery, New York, NY, USA, Article 29, 1–16.https://doi.org/10.1145/3458817.3476225

Ø Hatem Ltaief, Yuxi Hong, Adel Dabah, Rabab Alomairy, Sameh Abdulah, Chris Goreczny, Pawel Gepner, Matteo 
Ravasi, Damien Gratadour, David Keyes. Steering Customized AI Architectures for HPC Scientific Applications. In 
International Conference on High Performance Computing (ISC 23). https://doi.org/10.1007/978-3-031-32041-5_7

https://doi.org/10.1007/978-3-030-85665-6_35
https://doi.org/10.1145/3458817.3476225
https://doi.org/10.1007/978-3-031-32041-5_7
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Selected Publications
Batched TLR-MVM

PhD Defense - Yuxi Hong

Ø Yuxi Hong, Hatem Ltaief, Matteo Ravasi, Laurent Gatineau, and David Keyes. 2021. Accelerating Seismic 
Redatuming Using Tile Low-Rank Approximations on NEC SX-Aurora TSUBASA. In Supercomputing 
Frontiers and Innovations, 8(2), 6-26 (SFI). https://doi.org/10.14529/jsfi210201

Ø Hatem Ltaief, Yuxi Hong, Adel Dabah, Rabab Alomairy, Sameh Abdulah, Chris Goreczny, Pawel Gepner, Matteo 
Ravasi, Damien Gratadour, David Keyes. Steering Customized AI Architectures for HPC Scientific Applications. In 
International Conference on High Performance Computing (ISC 23). https://doi.org/10.1007/978-3-031-32041-5_7

Ø Hatem Ltaief, Yuxi Hong, Leighton Wilson, Mathias Jacquelin, Matteo Ravasi, David Keyes. Scaling the 
“Memory Wall” for Multi-Dimensional Seismic Processing with Algebraic Compression on Cerebras CS-2 
Systems. (Submitted to ACM Gordon Bell 2023)

Ø Matteo Ravasi, Yuxi Hong, Hatem Ltaief, David Keyes, David Vargas. 2022. Tile-Low Rank Compressed Multi-
Dimensional Convolution and Its Application to Seismic Redatuming Problems Second International 
Meeting for Applied Geoscience & Energy (IMAGE 22). https://doi.org/10.1190/image2022-3744978.1

Ø Matteo Ravasi, Yuxi Hong, Hatem Ltaief, David Keyes, David Vargas. 2022. Large-scale Marchenko imaging 
with distance-aware matrix reordering, tile low-rank compression, and mixed-precision computations. 
Second International Meeting for Applied Geoscience & Energy (IMAGE 22). https://doi.org/10.1190/image2022-
3744978.1

Ø Yuxi Hong, Matteo Ravasi, Hatem Ltaief, David Keyes. 2023. Can tile low-rank compression live up to 
expectations? An application to 3D multi-dimensional deconvolution. The International Meeting for Applied 
Geoscience & Energy (Accepted by IMAGE 23). 

https://doi.org/10.14529/jsfi210201
https://doi.org/10.1007/978-3-031-32041-5_7
https://doi.org/10.1190/image2022-3744978.1
https://doi.org/10.1190/image2022-3744978.1
https://doi.org/10.1190/image2022-3744978.1
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Selected Publications

Mixed Precision Batched TLR-MVM

PhD Defense - Yuxi Hong

Ø Yuxi Hong, Hatem Ltaief, Matteo Ravasi, Laurent Gatineau, and David Keyes. 2022. High-Performance Seismic 
Redatuming by Inversion Using Algebraic Compression and Mixed Precisions. (Submitted to IJHPCA)



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/

High Performance 
AO control system 
software

Tile-Low Rank Multi-
Dimensional Convolution: fast 
MDC modelling and inversion 
for seismic applications

SHIPS TLR-MVM TLR-MDC

SLM inside Seismic Redatuming frameworkTLR-MVM

Related Software Releases

HIGH PERFORMANCE LINEAR ALGEBRA ALGORITHMS

EXTREME AO – SOFT/HARD REAL-TIME

BRINGING ASTRONOMY BACK HOME

The KAUST Extreme Computing Research Center (ECRC) collaborate with astronomers from the Paris Observatory,
the National Astronomical Observatory of Japan (NAOJ) and the Australian National University to develop the advanced
Extreme Adaptive Optics (Extreme-AO) algorithms that will meet the formidable habitable exoplanet imaging challenge.
Imaging exoplanets with large ground-based telescopes is very challenging due to the star/planet contrast and blurring
induced by Earth's atmosphere. Powered by ECRC’s high performance linear algebra algorithms, images taken by large
telescopes can be corrected in real-time using Extreme-AO. The work of the project team adds a new chapter to the
historical contributions of the Middle East to the field of observational astronomy.

THE EUROPEAN EXTREMELY LARGE TELESCOPE

With support from Sponsored by

DESIGNING HIGH PERFORMANCE LINEAR ALGEBRA ALGORITHMS 
FOR NEXT GENERATIONS OF GROUND-BASED TELESCOPES

THE SUBARU TELESCOPE

HARD REAL-TIME

High Performance Discrete Time Algebraic Riccati Equation

A collaboration of

THE GROUND-BASED TELESCOPES

THE VERY LARGE TELESCOPE

THE CURRENT AND FUTURE AO INSTRUMENTS (CREDITS: ESO/NAOJ/ANU)

SCEXAO

THE SUBARU 

CORONOGRAPHIC 
EXTREME AO

MICADO                     

MULTI-ADAPTIVE OPTICS 

IMAGING CAMERA FOR 
DEEP OBSERVATIONS

MAVIS 

MCAO ASSISTED VISIBLE

IMAGER AND SPECTROGRAPH

MAORY                  

MULTI-CONJUGATE 

ADAPTIVE OPTICS RELAY

Tile Low-Rank Matrix-
Vector Multiplication 

(TLR-MVM)

EPICS   

EXOPLANET 

IMAGING CAMERA 
AND 

SPECTROGRAPH 

SOFT REAL-TIME

Problem Equation

Double Prec w/ Dense Linear Algebra 

The code supports two software stacks: 
STARPU + Chameleon and Parsec + 
DPLASMA. 

We only show performance of STARPU + 
Chameleon. We are still working on 
performance Opt of Parsec + DPLASMA.

The larger number of Modes, the better
AO performance will be.

We finish the workload within 7 minutes 
and meet the application requirement.

Code available at:  https://github.com/ecrc/dare

On MAVIS dataset, we 
deploy TLR-MVM that can 
exploit data sparsity and 
data locality to approximate 
the computation of original 
matrix vector multiplication.

We finish the workload 
within 150 us and meet the 
application requirement.

DARE

DARE
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Ø Soft Real-Time Controller
Ø Hard Real-Time Controller

Ø Seismic Redatuming Inversion Using Marchenko-based Methods
Ø Batched TLR-MVM
Ø Mixed-Precision Batched TLR-MVM
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Seismic Imaging – an explorer perspective
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Results on synthetic 
datasets
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Receivers
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Distance-aware matrix reordering method 
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Load Balancing Strategies Results
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Distance-aware matrix reordering method 
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Numerical Accuracy – Trace 
Comparison
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BOW-IPU Architectures

* Slides reference: GraphCore non-NDA marketing slides
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GraphCore Design

Parallelism
SIMD/SIMT architecture. 

Designed for large blocks of 
dense contiguous data

Massively parallel MIMD architecture.
High performance/efficiency 

for future ML trends

Designed for 
scalar processing

CPU GPU IPU

Memory

Processor

Memory
Access

Model and Data spread across off-chip and 
small on-chip cache and shared memory

Main Model & Data in tightly coupled 
large locally distributed SRAM

Off-chip 
memory

* Slides reference: GraphCore non-NDA marketing slides



Adapted from https://blog.sintef.com/sintefenergy/ccs/the-safety-of-co2-storage/

100

Data size: 1.83GB
7.6GB

1.83GB24.3GB

SNR:15.3 15.3 15.6

Numerical Accuracy using MP TLR-MVM
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Theory

• The Minimum of the gradient norm square over iterations is of the order of 
Ο( -

01-
), which is the classical complexity bound know for SGD and its 

variants.

PhD Defense - Yuxi Hong
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Marchenko Redatuming – dataset
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Stochastic Levenberg-Marquardt method analysis

Time breakdown of 1 iteration SLM method

Speedup of SLM method
PhD Defense - Yuxi Hong
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Problem Definition and Stochastic Levenberg-Marquardt Method

Problem definition𝐹 𝑥 = 𝑣𝑒𝑐(𝐶!,#$%$ 𝑥 − 𝐶!,#%&')

# of elems ≈
40k	x	40k 

min
(∈*!

𝑓 𝑥 ≔
1
2 ||𝐹(𝑥)||

+ =
1
23
!,-

.

𝐹!(𝑥)+

𝑓: 𝑅5 → 𝑅 𝐹: 𝑅5 → 𝑅

𝐽/ = 𝑆/∇𝐹(𝑥/) 7𝑔/ = ∇𝐹(𝑥/)𝑆/𝐹/
Stochastic Jacobian vector Stochastic gradient vector

Approximated Hessian Fixed Regularization 1e-6

10 layer analytical atmosphere 
model suggested by European 
Southearn Observatory:
• Trubulence strength, 
• Bi-dimentional wind velocity
30 parameters in all

Measurement numerical data 
is collected accumulatively 
every 15s to 30s to get higher 
enough signal-noise ratio.

Our SLM leverages data sparsity of the matrix and use 
a sub-sampling method to solve the problem. It 
randomly selects items inside Covariance matrix to 
form the approximated gradient and Hessian.

STOA: Levenberg-marquardt Method

PhD Defense - Yuxi Hong
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Kernel Performance Across NVIDIA GPU Hardware Generations 

Strong Scaling Results

Weak Scaling Results
PhD Defense - Yuxi Hong
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• There are 2 parameters for user to tune the algorithms to trade off FLOPS saving and 
accuracy.

• In seismic application, signal-to-noise ratio (SNR) is used to quantify the quality of the 
results. We test on different tile sizes (nb) and accuracy thresholds. In the left figure, from 
left to right the error threshold is 1e-3, 5e-3, and 1e-2.

• We set 40 as the SNR threshold and find two eligible configurations. We conduct 
subsequent experiments using nb = 256 and error threshold 1e-3.

Error Threshold = 1e-3

Error Threshold = 1e-2

Error Threshold = 5e-3

Application SNR vs different algorithmic 
configurations

Error Threshold
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Implementation

• Stochastic Hessian and Gradient Kernel Design (the most time consuming kernel in SLM)

• Block Random Index

• Reduction Optimization

We design stochastic HG kernel to compute approximate Hessian and gradient. Each 
CUDA thread is responsible for one sample in the optimization problem. We get numerical 
Jacobian using finite difference approximation.

If we select index randomly, we will have irregular memory access 
issue. We group the index together and select the Index by group 
id to have coalesced memory access pattern.

We use NVIDIA cub library to perform block-level reduction. Then we use atomic operation 
for global reduction.


