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Motivation and Background



Material Science/Chemistry on the Path to Exascale
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Mat. Sci & Chem apps, such as VASP, Quantum ESPRESSO, QMCPACK,
NW chem, BerkeleyGW, CP2K, etc... heavily use HPC facilities
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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...
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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

7
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Excited State Properties of Complex Materials

Focus shift from ground to excited state properties

Valence States

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

« Accuracy beyond DFT. GW and GW+BSE

* Unprecedented simulation sizes: 1000's of atoms




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.



The BerkeleyGW Software Package

;
£(€ BerkeleyGW

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

ﬂ; BerkeleyGW

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




The BerkeleyGW Software Package

BerkeleyGW 3.x

A me
elect

Worldwide download heatmap: more
than 1,300 for 3.x since May 2021
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The BerkeleyGW Software Package: Highlights f&i
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aPlasmon modes are excited in monolayer TaS; with an ultrafast laser pulse (energy hiwy = 1.02 eV, modulated with a Gaussian profile of width of T=80

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
guasi-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.
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https://www.nature.com/ncomms

The BerkeleyGW Software Package: General

Mostly written in Fortran 2003

Dependencies:
. Required: BLAS, LAPACK, FFTW2/3
. Recommended: ScalLAPACK, 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: W orkflow
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The BerkeleyGW Software Package: W orkflow
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The BerkeleyGW Software Package: W orkflow
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The BerkeleyGW Software Package: W orkflow
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BerkeleyGW on the Path to ExaScale



The Path to Exascale

Exascale for the DOE Office of Science
Means: GPU Accelerated Systems!

<A NVIDIA.

2016 2017 2018 2019 2020 2021 2022 2023




BerkeleyGW on the Path to Exascale
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BerkeleyGW on the Path to Exascale
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BerkeleyGW on the Path to Exascale
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BerkeleyGW on the Path to Exascale
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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
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General Portability Strategy



BerkeleyGW: Transitioning to OpenMP-target
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BerkeleyGW: Transitioning to OpenMP-target
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BerkeleyGW: Transitioning to OpenMP-targe

Port Pre-Existing OpenACC Kernels Into Mainline

1$ACC DATA COPYIN(wtilde_array(:,wta_blks:wta_blke))

da iwsnstart,nend
do fwenstart,nend

scht=20@

SSXt<000 1$ACC PARALLEL PRESENT(I_eps_array, aqsntesp) vector length(512)

wxt = wx_array(iw) 1SACC LOOP GANG VECTOR reduction(+:ssx_array_3,sch_array 3) collepse(3)
do nlloc_blk = 1, nlloc_blksize

do 1g = 1, ncouls do my_igp = wta_blks, wta_blke

do ig blk = 1, ig blksize
| Here we recompute Omega2 » wtilde2 * I_eps_array. This contains
| the factor of (1 i tan phi) from £qs. 21 & 22 of arXiv paper, 1$ACC LOOP SEQ
do ig = ig_blk, ncouls, ig blksize
wtilde = wtilde_array(ig,my_igp)
wtilde2 « wtilde**2
cpsa « I_eps_arcay(ig,my_igp)
Omega2 « wtilde2 * epsa
ssxcutoff « sexcut* 2 * epsa * MYCONIG(epsd)
veoulx = veoul loc(my igp)

IFIXME: Mere we use temporary variables wtilde, wtilde2, Omega2 while

1 in the following sections we use wtilde _array and I_eps_array directly.

| JRD, please write a comment here explaining whether this i< critical

| for performance or it doesn’ t matter.

wtilde « wtilde_array(ig,my_igp)
wtilde2 » wtilde**2

a2 = wtildez * I_eps_array(ig,my_i
e el y(ie.®y_1gp) ISACC LOOP SEQ

do nl1_loc = nlloc_blk, ntband_dist, nlloc_blksize
agsmconj = MYCONIG(agsmtemp_local(nl_loc,my_igp))
matngmatmgp = aqgsmconj * agsntemp(ig,n1_loc)
veoulxocc = veoulx * occ_array(nl_loc)

Cycle bad for vectorization. Not needed wtilde is zero
! if (abs(Omega2) .1t. TOL Zero) cycle
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BerkeleyGW: Transitioning to OpenMP-target

Add Performance Portability Layer

subroutine sigma_gpp() subroutine sigma_gpp()
SCALAR, allocatable :: ssx_array(!), sch_array(:)

real(0P) :: delwr, delw2, wdiffr, rden, wxt, ssxcutoff, limitone, limittwo
complex(OPC) i halfinvwtilde, delw, wdiff, cden

integer 11 igbeg, igend, igblk select case (sigma_gpp_algo)
SCALAR :: ssx, sch, ssxt, scht, schtt case (CPU_ALGO)

PUSH_SUB(mxtel_cor.sigma_gpp)

PUSH_SuB(mtxel cor.sigma_gpp) call sigma_gpp_cpu()
case (OPENACC_ALGO)
call sigma_gpp_openacc()
case (OMP_TARGET_ALGO)
| Some constants used in the loop below, computed here to save
! floating point operations call Silma_xpp_m_tlf‘get()

1imitone«100/(TOL_Small*400) Wrapper case default
limittwo.sigXgamma®*2

igblk « 512

call die("Invald algorithm for sigma_gpp“, only_root_writes = .true.)

| GSM: compute the static CH for the static remainder end select
1f (sig¥exact_ch.eq.1) then
call acc_static_ch(ngpown, ncouls, inv_igp_index, indinv, vcoul, &
agsntemp(:,nl), aqsmtemp(:,nl), achstemp, eps_scalar-I_eps_array)
endif

POP_SuUB(mtxel_cor.sigma_gpp)

return

1)

< Loop over three energy values which we compute SIgma ~--ecoveeas end subroutine slgma_xpp
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BerkeleyGW: Transitioning to OpenMP-target

OpenACC Kernels -> OMP-Target Kernels

nl =80 M=0

do n1_global = n_start, n_end do n1_global = n_start, n_end
n=n+1 nl=nl+1
inx_start = (n1_global-1)*wfnkaXnkpt+1 inx_start = (n1_global-1)*wfnkq¥nkpt+1
inx_end = inx_start + wfnkq¥nkpt - 1 tnx_end = inx_start + wfnkg¥nkpt - 1
ace_mtxel_sigabands_vec(nl)Xvec(:) = CMPLX(0.00+00,0.00+60) acc_mtxel_sigXbands_vec(n1)¥vec(:) = CHPLX(0.00+60,0.00+60)
acc_ntxel_sigibands_vec(n1)%vec(1:wfnkqXnkpt) = wfnkqXzkq(inx_start ace_ntxel_sigbands_vec(n1)¥vec(1:wfnkqXnkpt) = wfnkgXzkq(inx_start:inx_end,jsp)
!$acc update device( acc_mtxel_sighbands_vec(ni)¥vec ) async(nl+l) 'Somp target update to ( acc_mtxel_sigkbands_vec(nl)%vec )
acc_mtxel_sigintxel_vec(nl)¥vec(:) = CMPLX(0.00+00,0.00+00) acc_mtxel_sig¥ntxel_vec(nl)¥vec(:) = (MPLX(0,00+00,0.060+00)
!$acc update device( acc_mtxel sigintxel vec(nl)X¥vec ) async(nlsl) 1Somp target update to ( acc_mtxel_sig¥mtxel_vec(nl)ivec )
! zerofy FFT box ! zerofy FFT box
call acc_zero_box(acc_ntxel_sig¥mtxel_box(nl)%box, Nfft, queue=(nl: call acc_zero_box(acc_mtxel_sig¥mtxel_box(n1)%box, Nfft, queue=(ni+1))
! put ! put

call acc_put_into_fftbox(wfnkg¥nkpt, acc_mtxel_sig¥bands_vec(nl)%ve
acc_mtxel_sig¥mtxel_box(nl)¥box, Nfft, alg

call acc_put_into_fftbox(wfnkq¥nkpt, acc_mtxel_sigXbands_vec(nl)¥vec, acc_mtxel_sig¥gvec,
acc_mtxel_sig¥mtxel_box(nl1)%box, Nfft, alpha=1.00+80, queue=(nl

g OMP-target il
call acc_run_fft(acc_mtxel_sigimtxel_box(nl)%box, acc_mtxel_sighnt) g call acc_run_fft{acc_mtxel_sig¥mtxel_box(nl)%box, acc_mtxel_sigXmtxel_plan(nl), 1)
! multiply ! multiply
call acc_box_multiply(acc_mtxel_sig¥mtxel_box(nl)¥box, acc_mtxel_si call acc_box_multiply(acc_ntxel_sig¥mtxel_box(nl)¥box, acc_mtxel_sig¥eqp_box, Nfft, conj
! FFT ! FFT
call acc_run_fft( acc_mtxel_sig¥mtxel_box(nl)¥box, acc_mtxel_sigkmt call acc_run_fft( acc_mtxel_sig¥mtxel_box(ni)%¥box, acc_mtxel_sig¥mtxel_plan(ni), 1 )
! get ! get
call acc_get_from_fftbox(ncoul, acc_mtxel_sig¥ntxel_vec(nl)%vec, ac call acc_get_from_fftbox(ncoul, acc_mtxel_sigi¥ntxel vec(nl)Xvec, acc_mtxel_sig¥gvec_comp
acc_mtxel_sig¥mtxel_box(nl)%box, Nfft, sci acc_mtxel_sig¥mtxel_box(nl)%box, Nfft, scale, queue=(nl+l) )
! copy to host ! copy to host
1Sacc update self( acc_mtxel_sig¥mtxel_vec(ni)¥vec ) async(nis1) !Somp target update from ( acc_mtxel_sig¥mtxel_vec(nl)Xvec )
end do ! nl end do ! nl
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Benchmarks for Performance Assessment



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

* Perimutter (NERSC)
~1,500 nodes, each with 2 AMD Milan CPUs and 4 NVIDIA A100 GPUs




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 ExaFL OP count!
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System, Node and GPU Implementation



he GW Method In ﬁ! BerkeleyGW

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

o (F) (1) + j S(r, 15 E,) (K = Eppy(r)

GW Self-Energy Operator X : non-Hermitian, non-local, frequency dependent
(Note: In DFT, the role of self-energy is replaced by static and local V4.(r))
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he GW Method In ﬂé BerkeleyGW

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

[ ho(r)¢n(r)+jz(r,r'; En)@n(r)dr’ = Ep gy (1) J

GW Self-Energy Operator X : non-Hermitian, non-local, frequency dependent
(Note: In DFT, the role of self-energy is replaced by static and local V4.(r))
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he GW Method In fé BerkeleyGW

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

ho(r) ¢ (r) + J{Z(r,r': Enﬁqbn(l")dl" = Entp(r)

GW Self-Energy Operator X : non-Hermitian, non-local, frequency dependent
(Note: In DFT, the role of self-energy is replaced by static and local V4.(r))
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he GW Method In ﬁ:! BerkeleyGW

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

o (F) (1) + j S(r, 15 E,) (K = Eppy(r)

GW Self-Energy Operator X~ : non-Hermitian, non-local, frequency dependent
(Note: In DFT, the role of self-energy is replaced by static and local V4.(r))

High GW Computational Cost in Two Major Bottlenecks:
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he GW Method In ﬁé BerkeleyGW

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

o (F) (1) + j S(r, 15 E,) (K = Eppy(r)

GW Self-Energy Operator X~ : non-Hermitian, non-local, frequency dependent
(Note: In DFT, the role of self-energy is replaced by static and local V4.(r))

High GW Computational Cost in Two Major Bottlenecks:

« Epsilon: Inverse Dielectric Matrix O(N%)
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he GW Method In ﬁ% BerkeleyGW

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

o (F) (1) + j S(r, 15 E,) (K = Eppy(r)

GW Self-Energy Operator X~ : non-Hermitian, non-local, frequency dependent
(Note: In DFT, the role of self-energy is replaced by static and local V4.(r))

High GW Computational Cost in Two Major Bottlenecks:

« Epsilon: Inverse Dielectric Matrix O(N%)
« Sigma: Self-Energy Matrix Elements O(N#)

e ~1 matrix
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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
Epsilon

Three major computational kernels:
« Matrix Elements (MTXEL kernel)
» Polarizability (CHI-O Kernel)

* Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed

matrix-multiplication over fat and
short matrices
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Breaking Down the Portability Strategy

Epsilon Sigma

Three major computational kernels: Compute a set of (100-1000) Self-Energy
_ matrix elements

« 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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Breaking Down the Portability Strategy

Epsilon Sigma

Three major computational kernels: Compute a set of (100-1000) Self-Energy
_ matrix elements

« Matrix Elements (MTXEL kernel) Ny Ne

- Polarizability (CHI-0 Kernel) =22 MG, [P(Elga M,

n GG’
* Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed

matrix-multiplication over fat and
short matrices
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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)

The CHI-0 kernel: large distributed

matrix-multiplication over fat and
short matrices

47

Sigma

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

Ny Ng
Z Z Mgﬂ, ]GG MG’

G

n GG’

The GPP kernel: a big data
reduction across different matrices

with a complex matrix-vector
iInterdependence




Epsilon Module



Breaking Down the Portability Strategy

Three major computational kernels:
« Matrix Elements (MTXEL kernel)
» Polarizability (CHI-O Kernel)

* Inverse Dielectric Matrix (invert)

The CHI-0 kernel: large distributed
matrix-multiplication over fat and

short matrices

Sigma

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

Ny Ng
=2 D Mg, [P(

¥

]GG MG’
n GG’

The GPP kernel: a big data
reduction across different matrices

with a complex matrix-vector
iInterdependence




Epsilon: The MTXEL Kernel

R-space

For all Valence-Conduction
Wavefunctions

R-space G-space

PUT
|\ |_..
\ FFT
"Ilri - 1]:'“

PUT
.hl;(. —-' [l
E GET hic_:
W - Cutoff X-Cutofff b
J". - LN L2

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 (645s)

Zero Put FFT  Multiply FFT Get

Copy
o g | D2H

= Timsine Visw - | | @ ay b 1 waring, 9 mesdages
0= +THT. 14na FEI. 16ms T30, 18m: 787 2ms FE7.22ms 4 7EE 24ms +TH] Z6ma 4757 28ms | +THT.3ms +THT 32ms +797.34r) =
v CPU B ' '
b Threads {13}
 CUDA FW | HO00TA 0.0 - Tesls W100-5XM ¥ * u — s — - * I — - * _L
- |71 Sirears] s [ (oo o o Mo ot g | Goen.) foen. e | (eSlRL.| [wmer e fiomeerd] ) [EEOR. (M
R — | SR y. e e Rk i e e K e T R
» 34.3% composite_ Zway T 3 --- ---
* 30.6% el M m_aeel gl i Mbe . (e W e i o s ST g /
» 105% weil_2goemm_B2w3a nt E .
. - - -
» T sccel_M_m_accel_bax_musiphy_i ’ ' =k
» B.5% accal #1 m_accel_gal fram_hba y R -
1 kemel groups hidden. -+ \ & -~ )
4217 Mamary [] . 4 () rd (]
- 742%Srean 20 [ B | [ e e e e St g | S S ] | ST (e ] g - =
- 60.4% Kemak =z [ set P oo pat e MoK N gpu | el oo fomper..|  [BEpelfL.| ffopor.. fanpes.|jEupord] e
+ 30.2% corposite sy 1 ) mw ) e e )
+ 3035 sccel_fILm_sceel pul ko Mlx oot o '
» B.B% aceal_f1_m_accal_box_musply_: |
* 7.4% accel #1_m_accel_gel_from_ffiba -

» 6.4% scoal_M_m_sccel_pesc_box_163 [ . 5 / 7
- 1 1 N O i ™
* 25.8% Defaull siesm T ! e
- 27.5% Kemek. : : i
b 85.4% il Z0emm BEx32 1l

12 Bytes, | think this is cdping in the Nfft array
(integer array with 3 elements) before running
the kernels
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Move small array into GPU memory (58s)

Copy in Nfft array before kernel execution

Zero Put FFT Multiply FFT Get

epsion_oace_rank(.qdrep % epsilon_oace keepNifi rankl.gdrep »

Copy
- . D2H
@ ?ux - /IL 1 Waining, 3 messeges

= Timeline View - |
12¢ » s +24% 4b6ms. 4245 9ms 4248 S2ms —ZQSISdml +248|56ms +249 56ms +24062ms ~

» CPU (B0)

v Threads (13) LJ L

4245 Gins
A T e i . = nfmee{en .
b oy ) SR

= 95.6% Komols [scosl ] [ asoal P m secel pul o ok ol 341 ap) | foempos..| compes... [compnel-. ocel i | [compee . feompas. | famast. | [sccel |
» 36.8% composite 2wy f (Emmpes-]) e [ompe; ) )
+ 511% n BT
b 7% asmel_f_im_acsl_bo sl |
b+ B.1% accel_fit_m_accel_ge
b 6.4% accel ft_m_accel_zel [peze)

3 kemel groups hids — 4

-l
-

4.2% Memary
~ 100.0% Siream 20 (Gecol .| agool P m 5ol pui i ook colc 41 apu___Gompos. | Gompos. Fomeeal., Soeal .| [Gemess. .| fscmecs. | farwe. |
~ 95.5% Kamols [scost ] | asosl P m secel pul oo ok ol 341 apsfesmpos..| compos .. [compe-. ocel 1 | [compe. . fomps. | armed. |
+ 308% composite 2way fi (cempos | campos.- (Gompasi.. (Eompes. ) feemps.. fempost.
b 38.1% accel_Mt_m_aceal W TR
b 7 s m ot b0 ™. s
b B.1% accel Ht m_accel ge AN .
b 6.4% ansel_Mt_m_assel 7l -
~ 4.2% Memory ~ [ ] =

" Put 38%
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Test different loop constructs (53s)

Use different loop construct and experiment with vector
length (512)

Zero Put FFT Multiply FFT Get
Copy
apelion_oace_rank0.gdiep X epsilon_nacc_keaphM_ranke qip X epsilonf oace_keephifft_GangVec512_rankd qdrep X | D2H
= Timeline View | | R £y 1 waming| 9 messanes
10s - 28080ns +2@0gfm:  2B06Tme cZEDGGm <20060me 26C[Tma +2807ime +28072me 4280.73ms 42807kme 2807 [
+ CPU (a0} L ¥
v Threads [13) | Li | | M .| ‘r
« CUDA HW {0000:14:00.0 - Tesla \V100-SXM2- **|__#*}_—#* -—
- [A1strarg I ) e G T S ) (R G QR (v
- 51.0% Komels D D S GRS S S (e Ry e
» 47.7% compasie 2y th D S SR N SR (R
b 14.9% voita_rgemm_pdx3z_nt
v 10.9% accel_M_m_scoel_box_mulliply_2 _
v 9.1% accel_ft_m_acoel_gel_from_ffibox. _
¥ 7.9% accel Mt m_accel_zero_box 163 ¢ _
3 kemel groups hiddan -+
48,4 Mamory [eme. ]
- 68.2% Stream 20 ) =) i ) S ) B e () D ]
- G2 Kemels i) (oo ) (compode ¥ (ompone 2 ) Fompende ) (oeel i m el ) fompenie 0 (compendie 8 (Sepenfe ¥ ) (peeelFims )
b 577 ampostie 2wyt oz el ot e ) CReETs Com)
b 13.10% acosl_M_m_sccal_bos_mulliply_2 _
b 11.0% accel_fit m_accel_get_from_iflbe: _

b 9.6% accel it m_accsl zero box 163 ¢ (RECEININ
} B.5% accel ft_m_acesi_put_ into_foo_ -

v 37.4% Memory » -

+ 31.8% Default stream 7

I

" Put 8.5% Using vector_length(512) loop gang
vector construct for all kernel slightly
improve performance 52.1 vs 52.6s



Introduce Queue/Streams (43s)

Zero, PUT, FFTs, Multiply

H2D for each stream not and GET kernels on
overlapping different streams
e - @ an = ﬁhlmmlmﬂm
28z *ms ) +170ms ) +17¢ms . +174ms e #176msT +178ms - +180ms . Fig2ms [
b CPU (80) -
b Thresds [13) A a ' Tl
v CUDAHW (0000:14:000 Tesy y §  y ¥ TITT ST | TS
311 1K [ N
~ [All Streams] s ' ﬁ
[
~ 60.1% Kemels 7 i E
b 50.1% composite_3we .~ [ it l“!
¥ 10.7% accel_fit_m_aci . et all Lt wl .||l-1]]]]l]lll il
¥ 8.3% accel_fft_m_acce i oolmotlukood b P ) JINY i
v 6.7% accel_fft_m_accel_2 1 toiledon | d1am stttemmi el 1n skl
b 6.6% accel_fft_m_acce R | “II:I. vl Dalesndds L
3 kernel groups hic— + |7
30.9% Memory b1 1 11 i =i | =il iy ] shin mERnm
- 18.5% Stream 7 !I_I | I | O N v
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Queue/Streams + Offload Innermost Arrays (18.5s)

Zero, PUT, FFTs, Multiply

Offload conduction bands and GET kernels on
(CB) at the very beginning different streams
= Timeline View 1'| & & 1x lT':.' /% 1 waming, 9 messages
18z v +54I5m5 . -rSSIt}ms E +55|1m5 ) +55I2m5 ; +55I3m5 . +55:in5 § 1—55l5ms ) +55I5m5 ) +55I?rn5 -
v CPU(BO)
v Threads (13) [ A J

= CUDA HW (0000:14:00.0 - Tes

L]
- ] " o e ] I R

= [l Streams]
" b |
. l | th |
H 1INl BN 11 il mm il EE 1 1
- 79.8% Kemels ’ T P VP 4t P
m m 1l 1 1|

b 50.3% composite_ 2w oo 0l LA Rl OOATGREREE . Lol LD OIS, NG REy  ll]

N T TR T T I 1..|IIIIIIIIIII T}
w ol e o d il e Al Al heal 1KLL T

v 10.9% accel_fft_m_accel,

b B.5% accel_fft_m_accelr

b B.9% volta_zgemm_64x3
» 5.7% accel fft.m_accel 2 T Y N MY R (O] Cibetal bt el Bl il

3 kemel groups hic — + Pl b Dd kb v kil o bt b,

1 [ »




MTXEL Kernel ACC/OMP: Summary

MTXEL

Baseline

Move Nfft Array to
device

Use "loop gang vector
vector_length(512)" for

Introduce Streamed

FFT

Introduce Batched FFT
Batched FFT with 3.5x

offload of CB

Batched with single
plan creation

Streamed with offload
of CB

MTXEL

56

60

80

G-space R-space

T-Cutott X-Cutofi| | g

Time in seconds

Baseline
Move Nfft Array to device

Use "loop gang vector
vector_length(512)" for PUT, Mult
and Get kernels

Introduce Streamed FFT
Introduce Batched FFT
Batched FFT with offload of CB

Batched with single plan creation

Streamed with offload of CB

For all Valence-Conduction

Wavefunclions
T PUT] R-space
Y e

G-space

o - - -

53

43
38
29

23
18.5



Epsilon: The CHI-0 Kernel

Rank MT ___ Rank
0 1 2 N, -1 0 S
1 7l
M Ny XN, 2 Xo
Calculate MxMT = y,
Communication cost N2 \ N, -1

Data layout for M matrix in CHI-O kernel
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Epsilon: The CHI-0 Kernel
Rank M" __ Rank
0 1 2 N, -1 0 S
v [T _Ns
’ 1 Al
y e 2 "
Matrix size Calculate MxMT = y,
~100k x  Communication cost NZ \ N, -1

100M

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

Rank MT Rank
0 1 2 N, -1

N‘;W Y

N\ 5
T Al

\

y e 2 "
Matrix size Calculate MxM" = x, \
~100k x  Communication cost N2 \ N, -1 Matrix size
100M ~100k x 100k

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

Rank Rank

=
1"

2 Xo

Np -1

Calculate MxMT = y,

Communication cost N2 § N A
-

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

Rank Rank

=
1"

2 Xo

Np -1

Calculate MxMT = y,

Communication cost N2 § N A
-

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

Rank Rank

=
1"

2 Xo

Np -1

Calculate MxMT = y,

Communication cost N2 § N A
-

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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Rank — Rank Iteration Iteration Iteration Iteration
1 2
0 1 2 S an ——1 \ X
. \\\\\\\\\\\\\\\ g cao (I _Eﬁ////%\\\\\ —
A J ]
%o Rank 1 m|||HHH|||||||HHH|||\% — .
2 o> o> |0
Calculate MxMT = x Rank2 A\ |||||||||||||||||||||||||| — | — %
Communication cost 0N 2 § =] 1] R
G Np -1 —
= L , I—
Data layout for M matrix in CHI-O kernel Comput./Commun. pattern for non-blocking cyclic scheme

- 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 CHI-0 Kernel: ACC/OMP Summary

CHI-0

Rank M’ : Rank
0 4 2 L Nes ' 0
SR
Baseline M Ny xN, 2
Calculate MxM™ = y,
Communication cost N2
Stream + Offload Np -1
matrix elements
3.1x Time in seconds
Keep fix buffers on CHI-0
Device .
Baseline 27
Stream + Offload matrix elements 11.8
0 10 20 30
Keep fix buffers on Device 8.6

CHI-0
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Sigma Module



Breaking Down the Portability Strategy

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

66

@na

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

Ny Ng
Z Z Mgﬂ, ]GG MG’

G

n GG’

The GPP kernel: a big data

reduction across different matrices

with a complex matrix-vector

iInterdependence

~




Sigma: The GPP Kernel

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

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

Inter-Pool Parallelization
16 MPI tasks, 2 pools, 4 Self-Energies:{Z;,X;,%3,24}

Task Task Task Task
#8 #12
lliiiill

Two Level Parallelization Strategy:

* Inter-Pool parallelization (independent self-

Task energy matrix elements)
#13

Task Task

* Intra-Pool parallelization (same self-energy

Task matrix elements)
#14

Task
#10

Task

lliiilll
'Iiiilll

Task Task Task

#11 #15
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Sigma.:

he GPP Kernel

Inter-Pool Parallelization
16 MPI tasks, 2 pools, 4 Self-Energies:{Z;,X;,%3,24}

Task
#0

Task
#1

Task
#2

Task
||II%!III
\&

#6

Task
H#H7

Pool#1l: {¥,,X,}

Task Task
#8 #12
Task Task
#9 #13

Task Task
#10 #14

Task Task
llI!!!III llI!!!III
& >

Pool#2: {25,2,}

Two Level Parallelization Strategy:

69

Inter-Pool parallelization (independent self-
energy matrix elements)

Intra-Pool parallelization (same self-energy
matrix elements)



Sigma: The GPP Kernel

Intra-Pool data layout Two Level Parallelization Strategy:
N, L N N, (index n)  Inter-Pool parallelization (independent self-
‘ f . 0 - energy matrix elements)
— Ne i 0111213INs  « Intra-Pool parallelization (same self-
M) 3 energy matrix elements)
- Dot product over N PT(En) ME*

- Reduce over N,
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Sigma: The GPP Kernel

Intra-Pool data layout Two Level Parallelization Strategy:
N, L N N, (index n)  Inter-Pool parallelization (independent self-
= fg 0 - energy matrix elements)
1 .

—2f M , °I*1?]°[Ne + Intra-Pool parallelization (same self-

M) 3 energy matrix elements)
- Dot product over N PT(E ) ME* . - - -
" Reduce over ! 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:
N, L N N, (index n)  Inter-Pool parallelization (independent self-
. - 0 - energy matrix elements)
N, 1 L.
— Ne , 0lt1213[N; » Intra-Pool parallelization (same self-energy
M) 3 matrix elements)

- Dot product over N T ME* . . . .
Rd\ P l(E") / Non-Blocking Cyclic communication: Overlap MPI
N, Ng communication (host) with computation (GPU)

Elm — Z Z Mg’?;n[PT(En)]G’GMgn
n GG »

GPP-Kernel: Compute
Intensive part entirely on GPU
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GPP Kernel: Computational Characteristics

Tensor contraction

# pseudo code per invocation - Bandwidth bound
for band = 1, nbands # O(1k) * Reduction of 1012 numbers
for igp = 1, ngpown # O(10k) o Shared mem for partial sums

Double complex numbers
o High register usage

Multiple multi-dim arrays
o Memory access pattern

Long-latency operations

for ig = 1, ncouls # 0(100k)

for iw = 1, nw # small

Complex number arithmetic

Reduce to arrays|[iw]

o Divisions, square roots
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Optimization Path CUDA

Baseline*

Replace divides with reciprocals
Replace square roots with power of 2
Replace divides and square roots
Loop re-ordering

Further increase occupancy

Cache blocking

© N O O bk w0

Add more arrays to shared memory

*Collapse 3 of the other loops

74

1600

1400

1200

1000

800

600

400

200

vl

mmm Runtime (s) =—e=Speedup

v2

v3

v4

v5

v6

v7

v8

2.6
2.4

2.2

1.8
1.6
1.4

[N
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Optimization ACC/OMP: Staring Kernel
Sigma GPP Kernel - CPU

I1CPU version
ISOMP PARALLEL DO default(private) &

1 SOMP shared(ntband_dist, ngpown, ncouls, nstart, nend, &

1 SOMP wtilde_array, I_eps_array, wx_array_t, &

1 SOMP limittwo, limitone, nitrue_array, &

! SOMP agsmtemp_local, agsntemp, vcoul_loc, occ_array ) &

!SOMP collapse(3) reduction(+:acht_n1_loc,ssx_array,sch_array)
do n1_loc = 1, ntband_dist
do my_igp = 1, ngpown
do ig = 1, ncouls
do iw=nstart,nend

wtilde = wtilde_ar

wtilde2 = wtilde**2

Omega2 = wtilde2 * I_eps_ar

\ Double complex data reduction
of 2 arrays

ig,my_1igp)

(ig,my_igp) 3 nested loops collapsed(3)

wdiff = wx_array_t(iw,n1_loc) - wt

delw = wtilde / wdiff
delwr = delw*CONJIG(delw)
wdiffr = wdiff*CONIG(wdiff)

Array size: number of
if (wdiffr.gt.limittwo .and. delwr.lt.limitone) then z
sch = delw * I_eps_array(ig,my_igp) frequenCIes (nend-nstart+1)
cden = wx_array_t(iw,n1_loc)**2 - wtilde2
ssx = Omega2 / cden
else if ( delwr .gt. TOL_Zero) then

crh - A Ada
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Optimization Path ACC/OMP

target teams loop with

/ collapse 3 of outer loops (73 s)

Replace complex divisions

and abs, with reciprocal

and squares (55.7 s)
Blocking of inner two

/ loops (31.5 s)

w
80

40

Time (s)

20

v1 v2 v3
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Optimization Path ACC/OMP

CPU-Only CUDA OpenACC OpenMP o
(16 MPI) | (4 MPI+4 GPU) | (4 MPI +4 GPU) Offload Run Settings:
(4 MPI +4 GPU) BerkeleyGW Si214 test case
62 s 1.7s 3.2s 3.5s

* Cori GPU (single node: 2 20-
core Intel Xeon Gold 6148 @
2.40 GHz + 8 Nvidia V100s)

GPP 1245 s 27.3s 30.2s 31.5s « Nvidia HPC SDK 20.11

« CUDA11.1.1

MTXEL

Total

. 1311 s 345s 43 4 s 459 s
Runtime
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Optimization Path ACC/OMP

CPU-Only CUDA OpenACC OpenMP o
(16 MPI) | (4 MPI+4 GPU) | (4 MPI +4 GPU) Offload Run Settings:
(4 MPI +4 GPU) BerkeleyGW Si214 test case
62 s 1.7s 3.2s

* Cori GPU (single node: 2 20-

MTXEL core Intel Xeon Gold 6148 @

2.40 GHz + 8 Nvidia V100s)
GPP 1245 s 27.3 s 30.2 s 31.5s . Nvidia HPC SDK 20.11
Tot e CUDA 1111
otal 1311 s 345s 43.4s 45.9's
Runtime
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Performance Results



CPU vs GPU

Epsilon

Runtime comparisonin seconds on Cori-GPU with
2 nodes, with GPU and CPU only for Si-214

MTXEL CHI-O Invert Total

CPU Only 616 1120 10.3 1794
GPU Full-Offload 24 .4 47.7 9.6 96.3
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CPU vs GPU

Epsilon

Runtime comparisonin seconds on Cori-GPU with
2 nodes, with GPU and CPU only for Si-214

MTXEL CHI-O Invert Total

CPU Only 616 1120 10.3 1794
GPU Full-Offload 24 .4 47.7 9.6 96.3

v VL
25x  23.5x
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CPU vs GPU

Epsilon

Runtime comparisonin seconds on Cori-GPU with
2 nodes, with GPU and CPU only for Si-214

18.6x speedup (overall)

MTXEL CHI-O Invert Total

CPU Only 616 1120 10.3 1794
GPU Full-Offload 24 .4 47.7 9.6 96.3

v VL V‘
25x  23.5x 8.6x
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CPU vs GPU

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

18.6x speedup (overall)

MTXEL CHI-O Invert Total

CPU Only 616 1120 10.3 1794
GPU Full-Offload 24 .4 47.7 9.6 96.3

v w‘ ¥
25x  23.5x 8.6x
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Time to Solution (s)

Sigma

Runtime comparison between Cori-Haswell and
Summit for Si-510

1000

100

10 il

Summit (Excld. 1/Q) —»—

[ Cori (Excld. /0) —A—

Cori (Total) —v—

Summit (Total) —e—

1 10
Number of Nodes

100



CPU vs GPU

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

18.6x speedup (overall)

MTXEL CHI-0 Invert Total

CPU Only 616 1120 10.3 1794
GPU Full-Offload 24 .4 47.7 9.6 96.3

v w‘ v
25x  23.5x 8.6x
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Time to Solution (s)

Sigma

Runtime comparison between Cori-Haswell and
Summit for Si-510

86x speedup (1:1 node)

1000 f

100 |

10 il

Summit (Excld. 1/Q) —»—

[ Cori (Excld. I/0) —&—

Cori (Total) —v—

Summit (Total) —e—

1 10
Number of Nodes

100



Time (s)

Weak Scaling

Epsilon Sigma
350 r 200 ¢ Remaining mes
300 } 180 GPP-kerne| s
160 | MTXEL m—
250 | ; 140
Remaing(l/O) s [
i - 120 }
200 nvert g== 2 A: Si-214-4eqp 1 GPUs
150 | CHI-0 g 100 B: Si-510-4eqp 13 GPUs
MTXEL mmmm F— 80} e ap
100 | 60 h C: Si-998-4egp 100 GPUs
40 b D: Si-998-8eqp 200 GPUs
0 20 | E: Si-998-16eqp 400 GPUs
0 0

Si-510 (126 GPUs) Si-998 (1824 GPUs)

* Onlythe O(N%) part considered (CHI-O and GPP-kernel)
« (Good weak scaling within 5%
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Time to Solution (s)

Epsilon: Strong Scaling

SiC-998 and Si-2742 on Summit

1 1 1 1 1
1000 k R
Si-2742 CHI-0 —%—
SiC-998 CHI-0 —e—
Si-2742 Total —*—
SiC-998 Total —&—
100 | | | | ]
2400 4800 9600 14400 24k

Number of GPUs

86

CHI-Okernel scales linearly
well to thousands of GPUs



Sigma: Strong Scaling (Preliminary)

SIC-998 and Si-2742 on Summit

Time to Solution (s)

10000 ¢

1000

100

- Si-2742 (Excl. 110) —v—
| SiC-998 (Excl. 1/0) —A—

Si-2742 (Total) —&—
SiC-998 (Total) —e—
| 1 1

500

1k 2k 4k

8k 16k 32k

Number of GPUs

87

Scaling up to 4560 Summit
nodes (27,360 GPU's) 99%
of Summit.



/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 = Eachrank read directly from local SSD
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/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 = Eachrank read directly from local SSD

Task
#1

WEN file

HDF5 Prep.
format

Task
#Nppool
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/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 = Eachrank read directly from local SSD

HDF5 Prep. ) -+ Prestage - --

WEN file

format

Node Node Node

Pool#1 Pool#2 P00l #N,0



/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

HDF5 Prep. ) -+ Prestage - --

WEN file

format

Node Node Node

Pool#1 Pool#2 P00l #N,0



Time to Solution (s)

BerkeleyGW: Full Application at Scale

1000

1 1 1
Si-2742 (Excl. 1/0) —v— |
Si-2742* (Excl. 1/10) —A—
Si-2742 (Total) —&— ]
Si-2742* (Total) —6—

I/O Optimization (SSD):
266s to 23s

— (Blue shade) no Prestage to SSD

4k

8k 16k 32k
Number of GPUs

» (Red shade) with Prestage to SSD

*Results with optimized I/O include some further optimization in GPP-kernel (v8)

92



BerkeleyGW: Full System Run
Application: 105.9 PFLOP/s

mmm Runtime (s) =—e=Speedup
1600 3 Application BerkeleyGW

1400 —* )28 Benchmark Si-2742
2.6

120 2.4 # Eqp 256
1000 2.2 .
800 , # of GPUs 27,648 (full Summit)
600 1.8 Pool Size 108 GPUs
400 ij Compute Time 592 s
200 1.2 /O Time 39 s

0 1

vi v2 v3 v4 Vv5 v6 v7 v8 Throughput 1059 PFLOP/S
% of Rpeak 52.7% of 200.79 PFLOP/s
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Sigma: Performance on Perlmutter (GPU)

Time to Solution (s)
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100
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Cori HW —8— ]
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~
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400

1 L] 1
Perlmutter Excl. /0 —5— |
Perlmutter Total —6—
@ 1000 f
4 c [
d =l
5
°
0
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Q L
2 ;
=
i 10F
1 1 1 1 i F
800 1600 3200 4800
Number of GPUs

10 100 1000
Number of Nodes

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

» Left: Strong scaling to (almost) entire Perlmutter

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

Time to Solution (s)

1000

100

Si-998 (160-Eqp) Strong Scaling

F Si-510 (4-Eqp) Total (Inc. 1/0)
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Strong Scaling for Sigma measured on Perlmutter@NERSC (Cray Shasta, Node: 2 AMD Milan + 4-A100 GPUSs)

» Left: Strong scaling to (almost) entire Perimutter

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

Time to Solution (s)

1000

100

F Si-510 (4-Eqp) Total (Inc. 1/0)
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Strong Scaling for Sigma measured on Perlmutter@NERSC (Cray Shasta, Node: 2 AMD Milan + 4-A100 GPUSs)

» Left: Strong scaling to (almost) entire Perlmutter

* Right: Comparison between CPU (Cori-Haswell) and GPU (Perlmutter)
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Summary



Summary

1. Linear Strong Scaling

1 1
Sigma (Si-2742) —e—

Time to Solution (s) @

2. Linear Weak Scaling _

3. Up to 16x Energy Savings

4. Performance portability across " =
programming models rumber ol Gpus

350 ¢ T T
100000 Sigma (Cori) —&—
300 } [ Sigma (Summit) —&—

250 I
Remaing(l/O) mmm —_ A — e i
@ 200 } Invert mmm 2 10000 E
. | CHI-0 B
= [}
MTXEL s uCJ
100 p
1000 3 G_e__.e-.-.-e—.-.-&-:':@._____________________-
50 | 1

0

L A d 2 aaaa L s aaaal i aa aaaaal "
1 10 100 1000
Number of Nodes

Si-510 (126 GPUs)  Si-998 (1824 GPUS)
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A recording of this webinar, as well as the slides, will be
available later today on our website under “News & Events”



