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Material Science/Chemistry on the Path to Exascale

Cheap, reliable and sustainable 

photovoltaics

Defects in crystals: qubits/quantum computers
https://www.nist.gov/programs-projects/diamond-nv-center-

magnetometry

Chemical reaction at interfaces: Catalysis

Mat. Sci & Chem apps, such as VASP, Quantum ESPRESSO, QMCPACK, 

NWchem, BerkeleyGW, CP2K, etc... heavily use HPC facilities

https://www.nist.gov/programs-projects/diamond-nv-center-magnetometry
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Material Science/Chemistry on the Path to Exascale

Cheap, reliable and sustainable 

photovoltaics

Defects in crystals: qubits/quantum computers
https://www.nist.gov/programs-projects/diamond-nv-center-

magnetometry

Chemical reaction at interfaces: Catalysis

Used to study and understand the fundamental electronic properties 

of materials: necessary to design the components of novel devices

• Applications: Quantum Computers, Batteries, Photovoltaics, Catalysis, etc...

https://www.nist.gov/programs-projects/diamond-nv-center-magnetometry
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Material Science/Chemistry on the Path to Exascale

Cheap, reliable and sustainable 

photovoltaics

Defects in crystals: qubits/quantum computers
https://www.nist.gov/programs-projects/diamond-nv-center-

magnetometry

Chemical reaction at interfaces: Catalysis

Density Functional Theory (DFT) the workhorse for over three decades

• Excellent compromise between accuracy and computational efficiency

• Ground state theory: often problematic for excited state phenomena

https://www.nist.gov/programs-projects/diamond-nv-center-magnetometry
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Excited State Properties of Complex Materials

Example: Divacancy point defect in crystalline silicon, prototype of a solid-state Qubit

Focus shift from ground to excited state properties

• Accuracy beyond DFT: GW and GW+BSE

• Unprecedented simulation sizes: 1000's of atoms
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The GW Method: State of the Art

The GW method represents one of the most effective and accurate approach 

to predict excited-state properties in a wide range of materials

Application of GW to thousands atoms systems still a challenge

Reduce time to solution and extend applicability:

• Develop methods to reduce prefactor and scaling with system size

• Improve performance of existing implementation

In this talk the various strategies employed to accelerate BerkeleyGW on 

GPU to achieve best performance will be discussed.
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The BerkeleyGW Software Package

A massively parallel software package to compute the 

electronic excited-state properties of materials via GW, 

Bethe-Salpeter equation (BSE) and beyond
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The BerkeleyGW Software Package

A massively parallel software package to compute the 

electronic excited-state properties of materials via GW, 

Bethe-Salpeter equation (BSE) and beyond

Worldwide:

• Thousands of users

• Tens of active developers

Worldwide download heatmap: more 

than 1,300 for 3.x since May 2021
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A21 Application Meeting

Recent BerkeleyGW highlights:
• Experimental measurement of the intrinsic excitonic wave function Science 

Advances Vol. 7, 17, (2021)
• Directed assembly of layered perovskite heterostructures as single crystals. 

Nature 597 355-359 (2021)

• Universal slow plasmons and giant field enhancement in atomically thin 
quasi-two-dimensional metals Nature Communications volume 11, 

1013 (2020)
• Large-Scale Excited-State GW Calculations on Leadership Class HPC 

Systems, In Proceedings of the International Conference for High 

Performance Computing, Networking, Storage and Analysis, art no. 4 SC 
’20. Gordon Bell Finalist.

The BerkeleyGW Software Package: Highlights

https://www.nature.com/ncomms
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The BerkeleyGW Software Package: General

• Mostly written in Fortran 2003

• Dependencies:
• Required: BLAS, LAPACK, FFTW2/3

• Recommended: ScaLAPACK, HDF5, ELPA, PRIMME

• Parallel Programming Models:
• Multi-Node: MPI

• Muli-Core (CPU): OpenMP

• Accelerator: CUDA (separate branch), OpenACC/OpenMP-target (mainline)

• Common algorithmic motifs
• Large distributed matrix multiplications over short and fat matrices

• Distribute linear algebra: LU decomposition, triangular inversion, low rank approximations, 

eigendecomposition

• Node local FFTs and GEMMs

• large data reductions, tensor-like contractions
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The BerkeleyGW Software Package: Workflow
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The BerkeleyGW Software Package: Workflow

Four major modules implementing the GW+BSE workflow
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The BerkeleyGW Software Package: Workflow

Four major modules implementing the GW+BSE workflow

GW Workflow

epsilon + sigma

BSE Workflow

kernel + absorption
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The BerkeleyGW Software Package: Workflow

Four major modules implementing the GW+BSE workflow

GW Workflow

epsilon + sigma

BSE Workflow

kernel + absorption



BerkeleyGW on the Path to ExaScale
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The Path to Exascale

2016              2017               2018               2019                 2020              2021            2022          2023

Exascale for the DOE Office of Science 

Means: GPU Accelerated Systems!
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BerkeleyGW on the Path to Exascale
2016              2017               2018               2019                 2020              2021            2022          2023

2016              2017               2018               2019                 2020              2021            2022          2023

OpenMP-Multicore GPUs: CUDA

GPUs: OpenACC

GPUs: OpenMP-target
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~500k cores, 

11 PFLOP/s

OpenMP-Multicore
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BerkeleyGW on the Path to Exascale
2016              2017               2018               2019                 2020              2021            2022          2023

2016              2017               2018               2019                 2020              2021            2022          2023

GPUs: CUDA

GPUs: OpenACC
GPUs: OpenMP-

target

~27k GPUs,

100 PFLOP/s
~500k cores, 

11 PFLOP/s

OpenMP-Multicore
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Overview Summary

Divacancy defect in silicon 

~11,000electrons and over 2,700 atoms: 
time to solution of the ~10s of mins.

2020 ACM Gordon-Bell finalist:

https://dl.acm.org/doi/abs/10.5555/3433701.3433706

By software optimization of BerkeleyGW on leadership class HPC systems the application 

of GW to systems of increasing size closely follow the Moore's law

https://dl.acm.org/doi/abs/10.5555/3433701.3433706


General Portability Strategy
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BerkeleyGW: Transitioning to OpenMP-target
2016              2017               2018               2019                 2020              2021            2022          2023

2016              2017               2018               2019                 2020              2021            2022          2023

OpenMP-Multicore GPUs: CUDA

GPUs: OpenACC

GPUs: OpenMP-target
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BerkeleyGW: Transitioning to OpenMP-target
2016              2017               2018               2019                 2020              2021            2022          2023

2016              2017               2018               2019                 2020              2021            2022          2023

OpenMP-Multicore GPUs: CUDA

GPUs: OpenACC

GPUs: OpenMP-target

Dedicated Branch
Mainline 

Developments
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BerkeleyGW: Transitioning to OpenMP-target
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BerkeleyGW: Transitioning to OpenMP-target
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BerkeleyGW: Transitioning to OpenMP-target



Benchmarks for Performance Assessment
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HPC Systems

• Summit (OLCF)
4,608 nodes, each with 2 IBM POWER9 CPUs and 6 NVIDIA V100 GPUs

• Cori-GPU (NERSC)
18 nodes, each with 2 Intel Xeon Skylake CPUs and 8 NVIDIA V100 GPUs

• Cori-Haswell (NERSC)

2,688 Haswell nodes, each with 2 Intel Xeon E5-2698v3 CPUs

• Perlmutter (NERSC)
~1,500 nodes, each with 2 AMD Milan CPUs and 4 NVIDIA A100 GPUs
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Benchmark for Performance Measurement

• Real applications: Defects in Semiconductors 

(silicon, silicon carbide) for QBit

• System size: up to thousands of atoms, 
10000+ electrons
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Benchmark for Performance Measurement

• Real applications: Defects in Semiconductors 

(silicon, silicon carbide) for QBit

• System size: up to thousands of atoms, 
10000+ electrons

Very Large-scale GW applications:

Requiring 100s of TB memory and 10s of total ExaFLOP count!



System, Node and GPU Implementation
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The GW Method in

Dynamical properties of electrons as solution of Dyson's equation:

GW Self-Energy Operator Σ : non-Hermitian, non-local, frequency dependent

(Note: In DFT, the role of self-energy is replaced by static and local 𝑽𝐱𝐜(𝐫))

ℎ0 𝐫 𝜙𝑛(𝐫) + නΣ 𝐫, 𝐫′; 𝐸𝑛 𝜙𝑛 𝐫′ d𝐫′ = 𝐸𝑛𝜙𝑛(𝐫)
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The GW Method in

Dynamical properties of electrons as solution of Dyson's equation:

GW Self-Energy Operator Σ : non-Hermitian, non-local, frequency dependent

(Note: In DFT, the role of self-energy is replaced by static and local 𝑽𝐱𝐜(𝐫))

High GW Computational Cost in Two Major Bottlenecks:

ℎ0 𝐫 𝜙𝑛(𝐫) + නΣ 𝐫, 𝐫′; 𝐸𝑛 𝜙𝑛 𝐫′ d𝐫′ = 𝐸𝑛𝜙𝑛(𝐫)
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The GW Method in

Dynamical properties of electrons as solution of Dyson's equation:

GW Self-Energy Operator Σ : non-Hermitian, non-local, frequency dependent

(Note: In DFT, the role of self-energy is replaced by static and local 𝑽𝐱𝐜(𝐫))

• Epsilon: Inverse Dielectric Matrix O(N4)

High GW Computational Cost in Two Major Bottlenecks:
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The GW Method in

Dynamical properties of electrons as solution of Dyson's equation:

GW Self-Energy Operator Σ : non-Hermitian, non-local, frequency dependent

(Note: In DFT, the role of self-energy is replaced by static and local 𝑽𝐱𝐜(𝐫))

• Epsilon: Inverse Dielectric Matrix O(N4)

• Sigma: Self-Energy Matrix Elements O(N4)

High GW Computational Cost in Two Major Bottlenecks:

𝜖−1 matrix

ℎ0 𝐫 𝜙𝑛(𝐫) + නΣ 𝐫, 𝐫′; 𝐸𝑛 𝜙𝑛 𝐫′ d𝐫′ = 𝐸𝑛𝜙𝑛(𝐫)
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Breaking Down the Portability Strategy

Epsilon

Three major computational kernels:

• Matrix Elements (MTXEL kernel)

• Polarizability (CHI-0 Kernel)

• Inverse Dielectric Matrix (invert)
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Breaking Down the Portability Strategy

Sigma

Compute a set of (100-1000) Self-Energy 

matrix elements

Epsilon

Three major computational kernels:

• Matrix Elements (MTXEL kernel)

• Polarizability (CHI-0 Kernel)

• Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed 

matrix-multiplication over fat and 

short matrices



46

Breaking Down the Portability Strategy

Sigma

Compute a set of (100-1000) Self-Energy 

matrix elements

Epsilon

Three major computational kernels:

• Matrix Elements (MTXEL kernel)

• Polarizability (CHI-0 Kernel)

• Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed 

matrix-multiplication over fat and 

short matrices



47

Breaking Down the Portability Strategy

Sigma

Compute a set of (100-1000) Self-Energy 

matrix elements

The GPP kernel: a big data 

reduction across different matrices 

with a complex matrix-vector 

interdependence

Epsilon

Three major computational kernels:

• Matrix Elements (MTXEL kernel)

• Polarizability (CHI-0 Kernel)

• Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed 

matrix-multiplication over fat and 

short matrices



Epsilon Module
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Breaking Down the Portability Strategy

Sigma

Compute a set of (100-1000) Self-Energy 

matrix elements

The GPP kernel: a big data 

reduction across different matrices 

with a complex matrix-vector 

interdependence

Epsilon

Three major computational kernels:

• Matrix Elements (MTXEL kernel)

• Polarizability (CHI-0 Kernel)

• Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed 

matrix-multiplication over fat and 

short matrices
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Epsilon: The MTXEL Kernel

Two nested loops executing a sequence of simple kernels

• Well Optimized CUDA Implementation

• Initial ACC/OMP port: Single queue no loop blocking
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MTXEL Kernel ACC/OMP: Baseline (64s)
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Move small array into GPU memory (58s)



53

Test different loop constructs (53s)
Use different loop construct and experiment with vector 

length (512)
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Introduce Queue/Streams (43s)
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Queue/Streams + Offload Innermost Arrays (18.5s)
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MTXEL Kernel ACC/OMP: Summary
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Epsilon: The CHI-0 Kernel

Data layout for M matrix in CHI-0 kernel
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Epsilon: The CHI-0 Kernel

Data layout for M matrix in CHI-0 kernel

Matrix size

~100k x 

100M
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Epsilon: The CHI-0 Kernel

Data layout for M matrix in CHI-0 kernel

Matrix size

~100k x 

100M

Matrix size

~100k x 100k
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Epsilon: The CHI-0 Kernel

Data layout for M matrix in CHI-0 kernel

• Offload Data Preparation 
Accelerate data preparation (potential memory bottleneck)

• Batching Mechanism 
Avoid hitting OOM on GPU 

• Non-blocking Cyclic Communication
Overlap Computation (GPU) and MPI communication (CPU)
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Epsilon: The CHI-0 Kernel

Data layout for M matrix in CHI-0 kernel

• Offload Data Preparation 
Accelerate data preparation (potential memory bottleneck)

• Batching Mechanism
Avoid hitting OOM on GPU 

• Non-blocking Cyclic Communication
Overlap Computation (GPU) and MPI communication (CPU)
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Epsilon: The CHI-0 Kernel

• Offload Data Preparation 
Accelerate data preparation (potential memory bottleneck)

• Batching Mechanism 
Avoid hitting OOM on GPU 

• Non-blocking Cyclic Communication
Overlap Computation (GPU) and MPI communication (CPU)

Data layout for M matrix in CHI-0 kernel Comput./Commun. pattern for non-blocking cyclic scheme
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Epsilon CHI-0 Kernel: ACC/OMP Summary



Sigma Module
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Breaking Down the Portability Strategy

Sigma

Compute a set of (100-1000) Self-Energy 

matrix elements

The GPP kernel: a big data 

reduction across different matrices 

with a complex matrix-vector 

interdependence

Epsilon

Three major computational kernels:

• Matrix Elements (MTXEL kernel)

• Polarizability (CHI-0 Kernel)

• Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed 

matrix-multiplication over fat and 

short matrices
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Sigma: The GPP Kernel

Two Level Parallelization Strategy:

• Inter-Pool parallelization (independent self-

energy matrix elements)

• Intra-Pool parallelization (same self-energy 

matrix elements)

Compute a set of (100-1000) Self-Energy matrix elements
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Sigma: The GPP Kernel

Task 

#0

Task 

#4

Task 

#8

Task 

#12

Task 

#1

Task 

#5

Task 

#9

Task 

#13

Task 

#2

Task 

#6

Task 

#10

Task 

#14

Task 

#3

Task 

#7

Task 

#11

Task 

#15

Two Level Parallelization Strategy:

• Inter-Pool parallelization (independent self-

energy matrix elements)

• Intra-Pool parallelization (same self-energy 

matrix elements)

{Σ1 , Σ2 , Σ3 , Σ4}
Inter-Pool Parallelization

16 MPI tasks, 2 pools, 4 Self-Energies:
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Sigma: The GPP Kernel
Inter-Pool Parallelization

16 MPI tasks, 2 pools, 4 Self-Energies:

Two Level Parallelization Strategy:

• Inter-Pool parallelization (independent self-

energy matrix elements)

• Intra-Pool parallelization (same self-energy 

matrix elements)

Task 

#0

Task 

#4

Task 

#8

Task 

#12

Task 

#1

Task 

#5

Task 

#9

Task 

#13

Task 

#2

Task 

#6

Task 

#10

Task 

#14

Task 

#3

Task 

#7

Task 

#11

Task 

#15

Pool#1: {Σ1 , Σ2} Pool#2: {Σ3 , Σ4}

{Σ1 , Σ2 , Σ3 , Σ4}
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Sigma: The GPP Kernel

Intra-Pool data layout Two Level Parallelization Strategy:

• Inter-Pool parallelization (independent self-

energy matrix elements)

• Intra-Pool parallelization (same self-

energy matrix elements)
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Sigma: The GPP Kernel

Intra-Pool data layout Two Level Parallelization Strategy:

• Inter-Pool parallelization (independent self-

energy matrix elements)

• Intra-Pool parallelization (same self-

energy matrix elements)

Non-Blocking Cyclic communication: Overlap MPI 

communication (host) with computation (GPU)
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Sigma: The GPP Kernel

Intra-Pool data layout Two Level Parallelization Strategy:

• Inter-Pool parallelization (independent self-

energy matrix elements)

• Intra-Pool parallelization (same self-energy 

matrix elements)

Non-Blocking Cyclic communication: Overlap MPI 

communication (host) with computation (GPU)

GPP-Kernel: Compute 

Intensive part entirely on GPU
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GPP Kernel: Computational Characteristics

# pseudo code per invocation

for band = 1, nbands # O(1k)

for igp = 1, ngpown # O(10k)

for ig = 1, ncouls # O(100k)

for iw = 1, nw # small

Complex number arithmetic

Reduce to arrays[iw]

• Tensor contraction
o Bandwidth bound

• Reduction of 1012 numbers
o Shared mem for partial sums

• Double complex numbers
o High register usage

• Multiple multi-dim arrays
o Memory access pattern

• Long-latency operations
o Divisions, square roots
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Optimization Path CUDA

1. Baseline*

2. Replace divides with reciprocals

3. Replace square roots with power of 2

4. Replace divides and square roots

5. Loop re-ordering

6. Further increase occupancy

7. Cache blocking

8. Add more arrays to shared memory

*Collapse 3 of the other loops

1
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2
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2.6

2.8

3

0

200
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800
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v1 v2 v3 v4 v5 v6 v7 v8

Runtime (s) Speedup
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Optimization ACC/OMP: Staring Kernel
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Optimization Path ACC/OMP
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Optimization Path ACC/OMP

Run Settings:

• BerkeleyGW Si214 test case

• Cori GPU (single node: 2 20-

core Intel Xeon Gold 6148 @ 

2.40 GHz + 8 Nvidia V100s)

• Nvidia HPC SDK 20.11

• CUDA 11.1.1
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Optimization Path ACC/OMP

Run Settings:

• BerkeleyGW Si214 test case

• Cori GPU (single node: 2 20-

core Intel Xeon Gold 6148 @ 

2.40 GHz + 8 Nvidia V100s)

• Nvidia HPC SDK 20.11

• CUDA 11.1.1



Performance Results
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CPU vs GPU
Epsilon
Runtime comparison in seconds on Cori-GPU with 

2 nodes, with GPU and CPU only for Si-214
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CPU vs GPU
Epsilon
Runtime comparison in seconds on Cori-GPU with 

2 nodes, with GPU and CPU only for Si-214

25x 23.5x 18.6x

Sigma

Runtime comparison between Cori-Haswell and 

Summit for Si-510

18.6x speedup (overall)
86x speedup (1:1 node)
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Weak Scaling
Epsilon Sigma

• Only the O(N4) part considered (CHI-0 and GPP-kernel)

• Good weak scaling within 5%
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Epsilon: Strong Scaling
SiC-998 and Si-2742 on Summit

CHI-0 kernel scales linearly 

well to thousands of GPUs
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Sigma: Strong Scaling (Preliminary)

Scaling up to 4560 Summit 

nodes (27,360 GPU's) 99% 

of Summit.

SiC-998 and Si-2742 on Summit
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I/O Optimization

• Exploit node local solid-state memory (SSD)

o Prepare data distributed form, at no cost

o Prestage data node local SSD

o Runtime Each rank read directly from local SSD
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I/O Optimization

• Exploit node local solid-state memory (SSD)

o Prepare data distributed form, at no cost

o Prestage data node local SSD

o Runtime Each rank read directly from local SSD

WFN file

HDF5

format

Task 

#1

Task 

#Np
pool

. . . 

Node

Node

. . . 

Node

Node

. . . 

Node

Node

. . . 

. . . 

. . . 

. . . 

Pool #1 Pool #2 Pool #Npool

Prep. Prestage
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BerkeleyGW: Full Application at Scale

I/O Optimization (SSD):

266s to 23s

(Blue shade) no Prestage to SSD 

(Red shade) with Prestage to SSD

*Results with optimized I/O include some further optimization in GPP-kernel (v8)
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BerkeleyGW: Full System Run

Application BerkeleyGW

Benchmark Si-2742

# Eqp 256

# of GPUs 27,648 (full Summit)

Pool Size 108 GPUs

Compute Time 592 s

I/O Time 39 s

Throughput 105.9 PFLOP/s 

% of Rpeak 52.7% of 200.79 PFLOP/s

1

1.2

1.4

1.6

1.8

2

2.2

2.4

2.6

2.8

3

0

200

400

600

800

1000

1200

1400

1600

v1 v2 v3 v4 v5 v6 v7 v8

Runtime (s) Speedup

Application: 105.9 PFLOP/s
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Sigma: Performance on Perlmutter (GPU)

Strong Scaling for Sigma measured on Perlmutter@NERSC (Cray Shasta, Node: 2 AMD Milan + 4-A100 GPUs)

• Left: Strong scaling to (almost) entire Perlmutter

• Right: Comparison between CPU (Cori-Haswell) and GPU (Perlmutter)
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Sigma: Performance on Perlmutter (GPU)

Strong Scaling for Sigma measured on Perlmutter@NERSC (Cray Shasta, Node: 2 AMD Milan + 4-A100 GPUs)

• Left: Strong scaling to (almost) entire Perlmutter

• Right: Comparison between CPU (Cori-Haswell) and GPU (Perlmutter)
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Sigma: Performance on Perlmutter (GPU)

76x

Strong Scaling for Sigma measured on Perlmutter@NERSC (Cray Shasta, Node: 2 AMD Milan + 4-A100 GPUs)

• Left: Strong scaling to (almost) entire Perlmutter

• Right: Comparison between CPU (Cori-Haswell) and GPU (Perlmutter)
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Summary
1. Linear Strong Scaling

2. Linear Weak Scaling

3. Up to 16x Energy Savings

4. Performance portability across 

programming models

1

2 3
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