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ENS-10 and Ensemble Post-Processing

ENS-10: ~3 TB re-forecast (hindcast) dataset for ensemble weather forecasts:
* 10-member ensemble + control

* 0.5° latitude / longitude resolution T TR S A
* Years: 1999 - 2017

Temperature at 850 hPa

[ CRPS B SSIM/MSE B Ground Truth

Contro| . NWP Spreads 5
Trajectory Imtla_l . ‘ 0.90 o
= conditions, ‘ 8 T 8
= 0.85
Spread of T=0 Control Trajectory é 8 o)
Trajectories i —— NWP Post-Processing —f— Inception-Style Layer i ﬂ Prediction Combination 0.80 -
Control ) Ng@ o o I § 0.75 |
Trajectory Lead time B j - @ = @@ — @)
™ 24 hours, = L L 0.70 -
Spread of T=24 :@]@]@ = ,:,@:; > H 0.65 -
Trajectories o TRy 3@ . won |6 @ — = ﬂ@@
C t I D[l Conv 3x3, BN, ReLU J = Bd+di 104 21 8 ) 0.60
ontro
H [> Convix ‘ - 1
Trajectory :(;a: time . Copy ! Concat 64+4i per Dilated Conv. Kemels ﬂ T::;:‘w 0.55 .
- ours, ) o O o o
Spread of T=48 Ho . é& o.*\z o"\0 o'.*& é‘z '«\0" i\é’
2 Training time: several days S L L LSS
Trajectory 1-5 S22 ¢ ¢ & & &
) Y - . . \;b ’é’b\ é'b ‘é’b\ *’b\ "b\ (b\
Some models infeasible QORI
Sample dimensions: S eSS
10x11x7x361x720 2 <

Gronquist, Yao, Ben-Nun et al., Deep learning for post-processing ensemble weather forecasts, RSTA’21.
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Data Movement is All You Need

64-bit DP ) DRAM __syncthreads();

2000 T 256p)  16nJ I )\,
// Compute a grid of C matrix tiles in each warp.
#pragma unroll
for (int k_step = 0; k_step < CHUNK_K; k_step++) {
wmma: :fragment<wmma: :matrix_a, M, N, K, half, wmma::row_major> a[WARP_COL_TILES];
wmma: :fragment<wmma: :matrix_b, M, N, K, half, wmma::col_major> b[WARP_ROW_TILES];

256-bit buses .
Efficient

B ¢ chip link

256-bit access
8 kB SRAM

#pragma unroll

for (int i = 0; i < WARP_COL_TILES; i++) {
size_t shmem_idx_a = (warpId/2) * M * 2 + (i * M);
const half *tile_ptr = &shmem[shmem_idx_a][k_step * K];

28nm CMOS 3 3 3

Slide courtesy of NVIDIA LOC

wmma: :load_matrix_sync(a[i], tile_ptr, K * CHUNK_K + SKEW_HALF);

#pragma unroll
for (int j = 0; j < WARP_ROW_TILES; j++) {
if (1 == 0) {

100 // Load the B matrix fragment once, because it is going to be reused
Between // against the other A matrix fragments.
cabinets\ size_t shmem_idx_b = shmem_idx_b_off + (WARP_ROW_TILES * N) * (warpId%2)
10 ' * + (3 *N);
const half *tile_ptr = &shmem[shmem_idx_b][k_step * K];
DRAM\read *

wmma: :load_matrix_sync(b[j], tile_ptr, K * CHUNK_K + SKEW_HALF);

- . }
Chipto ,  Board to Board

Energy/bit (pJ/bit)
TR ST AR e

Chlp ) wmma: :mma_sync(c[i][j], a[i], b[j], c[il[j]);
0.1 4 o “Double FP Op (7nm) } }
On Die
__syncthreads();
0.01 < T T T ]
0.1 1 10 100 1000

Interconnect Distance (cm) Tensor Core NVIDIA Code Sample
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Data Movement is All You Need

20mm

64-bit DP DRAM - __syncthreads();
ZODJ — 26 pJ 256 pJ 16 nJ JLL ﬂ Rd/Wr

// Compute a grid of C matrix tiles in each warp.
; #pragma unroll
256-bit buses
et 500 pJ Efficient for (int k_step = 0; k_step < CHUNK_K; k_step++) {
fiLs [ off-chip link ; wmma: : fragment<wmma: :matrix_a, M, N, K, half, wmma::row_major> a[WARP_COL_TILES];
256-bit access L . wmma: : fragment<wmma: :matrix_b, M, N, K, half, wmma::col_major> b[WARP_ROW_TILES];
8 kB SRAM 50 pJ

#pragma unroll

; 1 < WARP_COL_TILES; i

High-performance optimization = data movement reduction

// Load the B matrix fragment once, because it is going to be reused
Between // against the other A matrix fragments.
cabinets\ size_t shmem_idx_b = shmem_idx_b_off + (WARP_ROW_TILES * N) * (warpId%2)
£ 10 1 * £ (G N);
e const half *tile_ptr = &shmem[shmem_idx_b][k_step * K];
S DRAM read ¢
..9,' ~ wmma: :load_matrix_sync(b[j], tile_ptr, K * CHUNK_K + SKEW_HALF);
4 * ¥
- — -1 . ~.
S Chipto ,  Board to Board S
. wmma: :mma_sync(c[i][j], a[il, b[j], c[i][j1);
= chip }
T
@ “Double FP Op (7nm) }
= 0.1 * }
On Die
__syncthreads();
0-01 L] L L] L] 1
0.1 1 10 100 1000 _
Interconnect Distance (cm) ' Tensor Core NVIDIA Code Sample
Data provided by Intel and Lee et al.

10
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State of the Practice X. 2% W

Workload _ %Peak FLOP/s

= DNN compilers are on the rise

Convld (3->16, 3) B=128, W=128 8.36
Conv2d (3->16, 3x3) B=128, W=H=128 75.45

CUDA 11.4, CUDNN 8.0.5, PyTorch 1.8

= Most are affected by “library jail”

= Library calls (Convolution, GEMM) never decomposable [0 PyTorch| torch.jit|  JAX|  TF+XLA

ResNet-50 32.04 31.94 33.93 35.57
C | . . h h h FLOP d f Wide ResNet-50-2 70.94 70.83 98.13 99.06

|
onvolutions wit igher count un erpertorm Ratio (ideal: 2x) 2.21x 2.22x 2.89x 2.78x

Forward+backprop time, in ms

= Even within the “standard” realm, odd performance

WL 7D
Data :wﬁﬁg -
. . . . EHTERE /]
= Hardcoded sharding schemes for distribution
Model
Channel/Filter Spatial Layer
Ben-Nun & Hoefler, Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, CSUR’19. Pipe“ne —I— E‘)

Dryden et al., Channel and filter parallelism for large-scale CNN training, SC'19.
Rausch*, Ben-Nun* et al., A Data-Centric Optimization Framework for Machine Learning, ICS’22. 12
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[DaCe Overview

Domain Scientist

Problem Formulation

ou D24 =

ot av-u =
Python DSLs
PyTorch C

¥

Scientific Frontend

Performance Engineer

SR ’ v om ETHziirich
Data-Centric Intermediate Representation

rrrrr
1. Separate data containers from computation

train_step

2. Coarsening: multi-level view of data State Trar
movement

3. Data movement as a first-class citizen
(dependencies =* program order)

4, Control dependencies only when
dataflow is not implied

train_step = train_step + 1
15

» Data-Centric Intermediate
Representation (SDFG)

L R/ —
S
;

L T ST —\

Graph Transformations

£ 77

Transformed
Dataflow

Performance
Results

Runtime

System

Hardware
Information

Compiler

CPU Binary

GPU Binary

FPGA Modules
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State ..................................................... <

Data-Centric Intermediate Representation

1. Separate data containers from computation

train_step > T

train_step < T

|
b

2. Coarsening: multi-level view of data
movement

3. Data movement as a first-class citizen Data conta|nﬁr§.,:s-.:;.‘=i- ....................................... @
(dependenCieS 9 program Order) Memlets } ................ . ............................................
Map parallel scope:/ [i=0:B, j=0:512] \

4. Control dependenC|eS On/y When Tasklet s ..... ........... ( out = inp / d )
dataflow is not implied ]

train_step = train_step + 1

Ben-Nun et al., Stateful Dataflow Multigraphs: A Data-Centric Model for Performance Portability on Heterogeneous Architectures, SC’'19. 15
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[DaCe Overview

Domain Scientist Performance Engineer System

Problem Formulation
Hardware
Information

Ju
— —al?u=0

| vy Yy | | L Z |
dt ~ 2
Transformed Compiler
Dataflow

Python DSLs
» Data-Centric Intermediate _
PyTorch C Representation (SDFG) _
CPU Binary
" L R . Performance O
S\ b Results S
/_iw ¢ €1 GPU Binary
— -\ T
Scientific Frontend ’ — ) EPGA Modules

Graph Transformations

% (A
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[DaCe Overview fob b -

class ClassA: Ni=/dace.symbol()
def _ init_ (self, arr): @dace.program

DOmaln SCIGntISt sel-F.q = arr def jacobi_1d(tsteps: dace.int32,

a: dace.float64[N],
@dace.method b: dace.float64[N]):

Problem Formulation def call (self, a): for _ in range (1, (NS

return a * self.q + glob_b b[1: -1] = ©.33333 * (a[:-2] + a[1:-1] + a[2:])

u 5 a[l: -1] = ©.33333 * (b[:-2] + b[1:-1] + b[2:])
——alV‘u=0
dt Python JIT Python AOT

@dace_module

MvM le(nn.M 1 : sdfg.sdfg{entry=@state_0} @sdfg_0 {

class y,oqu e( Odl:l e) %A = sdfg.alloc() : !sdfg.array<2x6x8xi32>

P th DSL def _1n1t_(sel-F, 1n_-Featur‘es, %B = sdfg.alloc() : !sdfg.array<2x6x8xi32>
y On S out -Featur\es): %C = sdfg.alloc() : !sdfg.array<2x6x8xi32>

sdfg.state @state_0 {

super().__init_ () sdfg.map (%i, %3, %g) = (8, 8, 0) to (2, 2, 2) step (1, 1, 1) {

self.linear = nn.Linear(in_features, %a_ijg = sdfg.load %A[%i, %j, %g] : !sdfg.array<2x6x8xi32> -> i32
e %b_ijg = sdfg.load %B[%i, %j, %g] : !sdfg.array<2x6x8xi32> -> i32
PvT h C out_features) %res - sdfg.tasklet @add(%a ijg: 132, %b_ijg: i32) -> i32 {
y orc self.fanout = out_features %z = arith.addi %a_ijg, %b_ijg : i32

sdfg.return %z : i32

def forward(self, x):

sdfg.store %res, %C[%i, %j, %g] : i32 -> lsdfg.array<2x6x8xi32>
return self.linear(x) / self.fanout }

PyTorch (DaCeML) MLIR dialect

S . t.f. F t d do i=is,ie+l
cienuric Fronten for (int i = 0; i < N ; i++) I (ex(@@,3,k) > @) then i copeq s
for (int J = r‘ow_ptr‘[i]; J < r‘ow_ptr"[i+1]; j++) e1::X<11])k) = CX(]-:J;k)*dxa(l'lxj)*d)'<11])*Sln_Sg<1‘1JJJ3)
yIAT += Alcol _idx[3]]1 * x[J1; xFx(1,3,K) = ex(i,3,k)*dxa(i, 3)*dy(i,3)*sin_sg(i, 3,1)
endif
enddo

C x FORTRAN (coming soon...)
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From source code to SDFG l&)

3
Code

glob b = ...
class ClassA:
def init (self, arr):
self.q = arr

@dace.method

def call (self, a):
return a * self.q + glob_b

18
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From source code to SDFG l&)

—
Code Preprocess

glob b = ...
class ClassA:
def init (self, arr):
self.q = arr

@dace.method @dace.program
def call (self, a): def ClassA call (a, g self q, g glob b):
return a * self.q + glob b return a * _ g self q + __g_glob_b
Closure Constant Conditional/Dead Call Tree Array
Resolution Folding Code Elimination Evaluation Consolidation

e ——F "0
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From source code to SDFG l&)

Code Preprocess Simplify

BinOp_6
_Mult_mapl_i0=0:20, _i1=0:20] _Add__map[_i0=0:20, _i1=0:20)
_Mult_map Mult_ —"fd—
T

_Muhg map C 0 nt ro I f I oW _Mun_mam_m:‘n;znl _i1=020] _.‘\dd_map[_\l;%ﬂizﬂ. _i1=020]
i coarsening passes é; ©)

augassign_8_4_map[__i0=0:20, __i1=0:20]

. _Add__map &
!

augassign_&_4_map[__i0=0:20, _ 1=0:20]

20
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From source code to SDFG

Code Preprocess Simplify Optimize

QKV-fused AIB

in infout out

|
E$B[$ar]
i

1$B[$br]

0
source f
0

Graph Rewriting Transformations Interactive Transformation Local and Global Tuning Interface
and Instrumentation

class ClassA:
def init (self, arr):
self.q = arr

@dace.method(auto_optimize=True, device=dace.DeviceType.GPU)

def call (self, a):
return a * self.q + glob_b

i Automatic Optimization Heuristics

21
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SDFG OPTIA N gemm.py M --- | & programsdfg M X (ETI==

[~ TRANSFORMATIONS Playground > gemm.py > ) gemm Playground > _dacegraphs > & program.sdfg
import dace

~ Selecton EE oo o @O0 LN L OO D W\ e v i
v Viewport
FPGATransformState M, N, K = (dace.symbol(s) for s in "MNK')

MapTiling
StripMining @dace.program General

MapDimShuffle gemm(A: dace.float64[M, K], N
ReguceExpansion B: dace.float64[K, N], arg_names [ABC] #
C: dace.float64[M, N]):

MapReduceFusion - constants_prop . 7

GPUTransformMap tmp = dace.define local([M, N, K], dtype=A.dtype
GPUTransformMap T

MapTilingWithOverlap for i, j, k in dace.map[@:M, @:N, ©:K]:
MapExpansion tmp[i, j, k1 = A[i, k1 * B[k, 31
QuterProductOperation
GPUTransformLocalStorage C[:] = np.sum(tmp, axis=2))
GPUTransformLocalStorage
~ Global M=k 1es
FPGATransformSDFG
NestSDFG
GPUTransformSDFG
~ Uncategorized

SDFG gemm  Go to Generated Code Clear Info x

exit_code

np.random.rand(M, K)

np.random.rand(K, N) . ’ global_code
np.random.rand(M, N)

gemm(A, B, C)

init_code

[~ TRANSFORMATION HISTORY

No previously applied transformations instrument No_Instrumentation v

openmp_sections (@
symbols

Uncategorized

name
> SDFG ANALYSIS

> SDFG OUTLINE
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Hierarchical Parallelism and Heterogeneity

= Maps have schedules, arrays have storage locations

;A[O’N] /...

/ [i=0:N:TN] CPN #pragma omp parallel for
for (int i =0; i < N; i += TN) {
} Alizi+TN] vec<double, 4> tA[TN];
@ Global2Stack 1D<double, 4, 1>(8A[i], min(N - i, TN), tA);
1tA[0:TN] for (int ti = @; ti < TN; ti += 1) {
- vec<double, 4> in A = tA[ti];
/ [ti=0:TN] COA auto out = (in_A * in_A);
tC[ti] = out;

| tA[ti] }

(out = in A * in_A)

24
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Hierarchical Parallelism and Heterogeneity ey
A[O:N]
@ . __global  void multiplication 1(...) {
!gA{O-N] int i = blockIdx.x * TN;

. GPU . - )
/ [I=O:N:TN] Devi& int ti = threadIdx.y + 0;

if (i+ti >= N) return;

| gA[i:i+TN]
tA __shared  vec<double, 2> tA[TN];
GlobalToSharedlD<double, 2, TN, 1, 1, false>(gA, tA);
] tA[O:TN]
: SPU vec<double, 2> in A = tA[ti];
/ [ti=0:TN] Bmk auto out = (in_A * in_A);
. tC[ti] = out;
tA[ti] }

(out = in A * in_A)

26
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[DaCe Overview
System

(inteIQ' i==: ARM
Hardware
Information

«D AMD:' Compiler

NVIDIA.

STRATIX"

inside”

CPU Binary

GPU Binary

Runtime

FPGA Modules
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DaCe Performance :

https://github.com/spcl/npbench

( 1 > T
Total [EET . : 1
0.71s ] Zee
138.6 133.5 6.79 Geometric Mean of Improvements over Other Frameworks
n 0.62 -
C 0‘:.:‘.‘ 0" <
= 0.78 ’,o'.n. ‘ 9 N == D
2.11
g . CuPy Numba NumPy Pythran DASK LEGATE
() 0.92 3.75x 2.47x 10.6x 3.93x 2.5x 1.7x
1.01s .
llel
. 1.14s | ] ! M !
DaCe Numba Pythran NumPy g 8 )
o o
NumPyBench NumPyBench FPGA NumPyBench Distributed
osmeur usa Mitter sod] kron R Dacgr:g‘nl 1 Daﬁars::\k' 2 o JaCe Ha nk: 1 DaCe Rank 5 DaC::agNk'ﬂ ua%h:\:;:z 3 Dcaoaryerl‘:('izf‘ D?C‘?E;x'eﬂ Dag:rFi‘car:li' 3 :ag:\;gae"rl\rl
421 %6 0124 E 2 E 0.010 o 1 10 10 04
6 6 5+ 0.204 B ol | | 25 0s os o 02
o 0 LR 2 0.000 0.000 o 0.0 0.0 0.0 0.0 D M
4 0.094 - i
0.154 Dace Rank: 4 Dacs ki 1 st DaCh Rank: 2 Dade Rank: 1 DACe Rank: 1 il Daca Rank: 1 Dace R 4 DAt Rk 1 5 7 - Compute-Optimal . Communication- - Automated Program
@ 4 47 3 T o002 a0 o o oot ! . o ) elnsum hotation Decomposition Optimal Schedule Distribution
@« 0.06 0.104 g ! 20 0z ! 0.005 1 N — .
£ 5 " oo ] . o o - . 0 oo . ijk,ja, ka,al - il ) )
= 24 24 u o judemp e nussinov seidel symm. syrzk sk trisaly s 4‘ ]a’ k.a X jk_a @
1 0.03 0 05 - DaCe Rank: 5 DaCe Rank: 3 aCe Rank: 1 DaCe Rank: 2 ™ DaCe Rank: 2 DaCe Rank; 1 . DaCe Rank: 2 DaCe Rank: 2 o DaCe Rank: 1 aCe Rank: 1 k l]k,]ka -ia ja‘ ka ,jk
li " . Y | e g ﬂ ia,al ~ il k :
0T 0T o 0005 00018 il LA LA N T S
SRR o 3o » &0 Bao HE0

Graph Analytics

Ziogas, Schneider, Ben-Nun et al., Productivity, Portability, Performance: Data-Centric Python, SC'21.
Calotoiu, Ben-Nun et al., Lifting C semantics for dataflow optimization, 1CS’22.
Ziogas, Kwasniewski, Ben-Nun et al., Deinsum: Practically I/O Optimal Multilinear Algebra, SC'22.

PolyBench/C

Distributed Tensor Operations

28
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DaCe Performance . i

DaCe
= ” = = = - Progam Description Dataflow Graph Expanded ='us'- -
ize 25"3 (11.4s seq. Runtime) Size 643 (480s seq. Runtime) — bty e | ggtimizat
160 4 o — —
% Py =
o1 =t
.\ (e Gemd'cm‘k
E e\ —e——eC o™
o
B LN
5 \
© 804 o \ Runtime  Performance Peak BW. %Roof.
> Stratix 10 1,178ps  145GOp/s  7T7GB/s 52%
51 @% ' Stratix 10° | 332ps  513GOp/s oo GB/s -
Xeon 12C | 5.270ps 32GOp/s  68GB/s 13%
o 7 5
»SDEG___ g | 4 e ) V7 P100 810ps  210GOp/s  T732GB/s 8%

2 4 8 16

f:@I V100 201ps  849GOp/s 900GB/s 26%

*Without memory bandwidth constraints.

Unstructured Hydrodynamics (LULESH) Numerical Weather Prediction (CPU, GPU, spatial)

4
Threads

1001 —Double ® No Cache 91.68

754 | - Mixed A Cache BC 26.26

0 W Cache BC + Spec. [59%]
S 50
& 47.31[64%
251411 28.23 [77%]

o4 11.53 [63%)] _:Pflop/s [% of HPL]l
3420 6840 13680 27360

# GPUs

Quantum Transport Simulation
Calotoiu, Ben-Nun et al. Lifting C semantics for dataflow optimization, ICS’22.

de Fine Licht, Kuster, De Matteis, Ben-Nun et al., StencilFlow: Mapping large stencil programs to distributed spatial computing systems, CGO’21. 29
Ziogas, Ben-Nun et al., A data-centric approach to extreme-scale ab initio dissipative quantum transport simulations, SC'19 (Gordon Bell Prize).
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DaCeML O PyTorch ?ﬁj

@dace_module
class MyModule(nn.Module):
def init (self, in_features,
out_features):
super(). init ()
self.linear = nn.Linear(in_features,
out features)

self.fanout = out_features

Rethink training as a data-centric program

Goals:
= No dependency on operators

= Rewritten in NumPy def forward(self, x):
return self.linear(x) / self.fanout

= Redesign Automatic Differentiation (AD) Gpython pure op implementation

= Symbolically def Softplus(X, Y):
Y[:] = numpy.log(l + numpy.exp(X))

= Automate pipeline
= Before and after AD

= Guided still an option @: @

Rausch*, Ben-Nun* et al., A Data-Centric Optimization Framework for Machine Learning, ICS’22. 31
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Optimization Pipeline W

@dace_module
class MyModule(nn.Module):
def init (self, in_features,
out_features):
super()._ init ()
self.linear = nn.Linear(in_features,
out_features)

self.fanout = out_features

def forward(self, x):
return self.linear(x) / self.fanout

Model Metadata SDFG

O PyTorch et tenesosasasaeresaee]

Other DNN
Frameworks _'@ O N N X ’ A’
1" TensorFlow —

+ Symbolic
@ : © Shape fHe

Multi-Level Optimization via Progressive Lowering
Inference

[Iinear.weight] [\inear.bias]

Rausch*, Ben-Nun* et al., A Data-Centric Optimization Framework for Machine Learning, 1CS’22. 32
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Optimization Pipeline W

; Model Metadata Symbolic Automatic SDFG
¢ PyTorch— /200 e maolic Automa
Recomputation Tuning
Other DNN Coarse-Grained Global Data Layout Hardware
anewons (5 ONNX— [ etiod = D
1" TensorFlow —

+ Symbolic
XN t — a
@ : © Shape FPG

Multi-Level Optimization via Progressive Lowering

Local Data Movement

Reduction

Inference
Mish
1760 Forward+Backward = Forward «Q-‘—‘\ B /—‘,”}!l':;.. —
[3/9] [2/7] [2/3] [1/3] [1/4] QKV-fused AIB ‘ T I P r—
4 : arp Tiling
1 1500 197944 ’ . . ‘ = a»
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Rausch*, Ben-Nun* et al., A Data-Centric Optimization Framework for Machine Learning, 1CS’22.
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DaCeML Results — Networks vs. pytorch, torch.jit, JAX, TF+XLA; with a Tesla V100 GPU 10
G ®© ) @
ResNet-50 Wide ResNet-50-2 MobileNet v2 WaveNet DLRM
State of the Art: 31.94 ms 70.83 ms 15.53 ms 41.49 ms 126.55 ms
DaCeML: 32.45 ms 2.09x 67.99 ms 14.77 ms 41.07 ms 126.42 ms
e
7=
EfficientNet BERT arce
State of the Art: 6.37 ms 8.11 ms
DaCeML Guided: 5.97 ms 7.62 ms

Rausch*, Ben-Nun* et al., A Data-Centric Optimization Framework for Machine Learning, ICS’22. 43
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DaCeML Results — Networks vs. pytorch, torch.jit, JAX, TF+XLA; with a Tesla V100 GPU N
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e
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EffiCientNet - (sin :‘_ - image) may_alias [~ ] ‘

offset [0,0,0,0] ¢

shape [16,32,1,11 #

Conv_92_expansion_272_innerfm=0:16]

State of the Art: 6.37 ms ; e

¥ Default
fused cinfeinc0 32 strides Register
outer_fused_cin[cin=0:32] CPU_ Pinned
* total size CPU_Heap
i CPU_ThreadLacal
DaCeML Guided:  5.97 ms
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Rausch*, Ben-Nun* et al., A Data-Centric Optimization Framework for Machine Learning, ICS’22.
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The Pace Project

Ben-Nun et al., Productive Performance Engineering for Weather and Climate Modeling with Python, SC’'22.

Build a high-resolution atmospheric model entirely in Python that can run at
scale on modern supercomputers

Model of choice: Finite-Volume Cubed-Sphere (FV3GFS) global climate model

Distributed across at least 6 nodes (faces of the cubed sphere)

Full dynamical core: 12,450 Python LoC across 36 modules

Stencils powered by an embedded DSL: GridTools for Python (GT4Py)

Baseline: x86-optimized prOduction FORTRAN Usage: python -m pace.driver.run [OPTIONS] CONFIG_PATH

Run the driver.

CONFIG_PATH is the path to a DriverConfig yaml file.

Options:
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FV3 Dynamical Core

Stencil calls per ™~
@dace
def dycore_loop(state, dycore, time_steps):

timestep: 18,978

Dynamical Core (fv_dynamics)
in range(time_steps):

class HyperdiffusionDamping: \\\
# ... ' 3
. \\
def _ call_ (self, qdel: FloatField, cd: float): \ 80105
# ... S Acoustic Dynamics %
for n in range(self._ntimes): . { —7 7 /m : $1110 for
- 3 7 3 ) —
e = SENFo_Eies = (0 < &) . 2,088 : e dycore.step_dynamics(state)
self. corner_fill(qdel, self._q) Tracer Advection ? -
@ || update_dz_c 2oz !
if nt > 0: Ton i !
self._copy_corners_x(self. i ' : !
_copy_ _x( _a) Remapping riem_solver_ ¢ 2% /
self._compute_zonal flux[n ' i
_compute_zonal_flux[n]( : v . v . Compile
self. fx, self. g, self._del6_v) del2_cubed p_grad_c libdycore_loop.so D
# g ) o 1oop.
neg_adjust_3 & d_sw 2230
] ;. @
cubed_to_lation 2 update_dz d 2>
tecript.stencil I i
@gtscript.stenci . ) 340 state = initialize_state(...) # Data loading
def compute_zonal_flux(flux: FloatField, P riem_solver_3 dycore = fv_dynamies.DynamicalCore( )
a_in: FloatField, 9 2 — ¢ y = vy s
. : . omponent wi
) ) del_term: .FloatFleldIJ?. Multiple Stencils nh_p_grad 3 # Invoke compiled function
with computation(PARALLEL), interval(...): i BUEBREEEE state, dycore, T)
del_term * (a_in[-1, @, @] - a_in) Python Lines of Code - - ’ ?
e Horizontal Stencil ray_fast
% validate(state)
Vertical Solver 131
del2_cubed plot on _map(state.x_wind) A
L 1 |
dynamics.py

flux =

@ Halo Update

Ben-Nun et al., Productive Performance Engineering for Weather and Climate Modeling with Python, SC’'22.
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Initial Heuristics

i Aligned addresses
0 a
K v v
’_\/ l , , Shape: (I + 2h, ] + 2k, K)
I Pre-ei;idmg Start offset: o=a—h
Interval, Operation, K, J, I Strides:
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& o ‘M,

. . aModuIe-Based Transfer-Tune to
Initial Heuristics ) .
Autotuning Full Application
Subgraph
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GPU, GPU,

[ : .
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1 . = 0n-The-Fly
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Exhaustive tuning
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Ben-Nun et al., Productive Performance Engineering for Weather and Climate Modeling with Python, SC’'22. 51
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Ben-Nun et al., Productive Performance Engineering for Weather and Climate Modeling with Python, SC’'22.
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production FORTRAN
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Data Movement is All You Need
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