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Problems to solve:
Large, sparse data
structures

Hardware requirement:
Dense matrices

PASCAL
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...but... we do have solutions... right?

Libraries exist!
- CUSPARSE
- hipSPARSE

cuSPARSE [1]:
Up to 73,350
(73 thousand!)
times slower than the
achievable peak!

[1] cuSPARSE v12.0 vs CUBLAS ¢12.0 on dense matrices, NVIDIA A100

Dedicated solutions exist!
e DASP [2]
Hardware exists! Magicube [3]
- Sparse Tensor Cores VENOM [4]
CUSPARSEILt [5]

Lacking performance:
At least 200x slower than the
peak
Narrow applicability:
Only machine learning,
“dense” sparse matrices (up
to 80-90% sparsity)

Sparsity requirements:
2:4
EVERY four elements
EXACTLY two nonzeros



u @spcl

W — £/ = B

¥ cscs ETH:zurich

@spcl_eth
spcl.ethz.ch ,

SMaT: (S)parse (Ma)trix Matrix (T)ensor Core-accelerate
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Performance Model

Compute time per Number of dense blocks in
Total runtime the BCSR block the BCSR format
of the kernel

Any startup,
initialization, cache
warm-up

Implementation
optimizations:
Reducing the time
per block

Preprocessing:
Reducing the
number of blocks
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Performance Model

Tior = Te - e + Tinit

Number of columns in dense matrix N = 8

1,000 1

Time [Us ]

10 -

0 20,000 40,000 60,000 80,000 100,000 120,000
Number of 16x16 blocks in 16kx16k band matrix
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Performance Model

Tior = Te - e + Tinit

Number of columns in dense matrix N = 8

.~ naiveCSR 7 0
E— %
— model
1,000 // X measurements
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Performance Model

Tior = Te - e + Tinit

Number of columns in dense matrix N = 8

naive CSR B: BCSR schedule optimization
Up to 2x improvement vs naive
| — model
1,000 1 X measurements
_ ] &
g_ | R
()
=
100 1
10 1
0 20,000 40,000 60,000

80,000 100,000 120,000
Number of 16x16 blocks in 16kx16k band matrix

11



a7 o/ o B

W @spcl_eth

spcl.ethz.ch

¥ cscs ETH:zurich
Performance Model

N
— < X
Ttot — Te "Ne + Tinit

Number of columns in dense matrix N = 8 L
naive CSR B: BCSR schedule optimization

L

Up to 2x improvement vs naive
— model
1,000 | X measurements
1 — T:TCAPIcalls
Up to 12x improvement vs naive
“
=
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Number of 16x16 blocks in 16kx16k band matrix
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N
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Number of columns in dense matrix N = 8 L
naive CSR B: BCSR schedule optimization

L

Up to 2x improvement vs naive
— model
1,000 | X measurements
1 — T:TCAPIcalls
Up to 12x improvement vs naive
“
=
()
S
100
— BT: BCSR and TC API calls
Up to 20x improvement vs naive
10 4
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Performance Model : ]

— < X
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Number of columns in dense matrix N = 8 L
naive CSR B: BCSR schedule optimization

Up to 2x improvement vs naive

L

— model
X measurements

1,000 ¢

— T:TCAPIcalls
Up to 12x improvement vs naive

Time [Us ]

— BT: BCSR and TC API calls
Up to 20x improvement vs naive

10 1 CBT: B, T and Cooperative shared memory loads

Up to 22x improvement vs naive

0 20,000 40,000 60,000 80,000 100,000 120,000
Number of 16x16 blocks in 16kx16k band matrix
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. < X
Ttot — Te " Ne + Tinit

Number of columns in dense matrix N = 8 |
naive CSR B: BCSR schedule optimization
Up to 2x improvement vs naive

Q Low-level kernel optimizations are more important than high-level preprocessing!

Optimal matrix permutation: up to 2.5x reduction in number of blocks (across Suitesparse matrices)

Performance improvement: naive CSR vs CBT up to 22x speedup

10 4.7 CBT: B, T and Cooperative shared memory loads
} Up to 22x improvement vs naive

0 20,000 40,000 60,000 80,000 100,000 120,000
Number of 16x16 blocks in 16kx16k band matrix
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Evaluation o
o © Motivation:
PY 1. Remove nondeterminism and isolate
State-of-the-art benchmark: ® ° X performance-critical aspects:
Large, widely-used repository of sparse PY * Asynchronous, pipelined loads
matrices from real-world applications o ® * Compute efficiency (tensor cores)

* Stress test on “dense” sparse matrices
2. Unstructured sparsity kernels on
structured sparsity matrices: e.g., HPCG

SuiteSparse Collection Synthetic Band Matrices

7 ‘ ) Sparsity
optimization 66K x 66K 99.76%

quantum chem. conf5_4-8x8 49K x49K 99.92%
2D/3D mesh cant 62K x 62K 99.89%

weighted graph pdblHYS 36K x36K 99.67%
fluid dynamics rmal0 46.8K x46.8K 99.89%
2D/3D mesh cop20k_A 121K x 121K 99.98%
2D/3D mesh consph 83K x83K 99.91%
structural shipsecl 140K x 140K 99.96%
circuit simulation  dc2 116K x 116K 99.99%




AP 2. i & cscs ETHziirich

spcl.ethz.ch

Preprocessing reordering

BCSR (b Y=PA
01234567 # blocks: 7

2 % Qﬁ | # zeros stored:
2 [2|h[0]0]0] DISCLAIMER: _ 4
2 0 2 X (ll The preprocessing time is not included in the 4Je] '“12;‘;":':;‘;“
g - 8 v — performance measurements e '
7 0 * Creating BCSR format: tiflglulv]hl0

» Less that 1% of the runtime

» Fair comparison: related works also measure only

compute time nooling-based bit masking

Many blocks are almos lustering based on

rd distance

[6] P. S. Labini, M. Bernaschi, W. Nutt, F. Silvestri, and F. Vella, “Blocking sparse matrices to leverage dense-specific multiplication,” in 2022 IEEE/ACM Workshop on Irregular Applications: Architectures and Algorithms (1A3), 2022, pp. 19-24.
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Preprocessing reordering

Arithmetic mean = 3.25

#BCSR blocks per row 4 #BCSR blocks per row 4 #BCSR blocks per row 4
0]0 0]alblc dle] d
______ i BREY 3 s lx I e 1 ;
0 ool 42000 | I7E Tl
nn O%k' 4 2 ?g hlo 2 2 It 5;1 2 2
0]0] minlOlo - .
_____ plg 3 1 e e 2 1 I 2 1
Olsltiulv
nlolo 0
x10[0[0 3 0 EIAQL 7 0 gg 0 3 2 8 3 0
Smaller average
#blocks/row: Greater variance:
1"/ less work l’ worse load balancing

1 smaller memory footprint
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Preprocessing reordering

> 150 100-
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S 100 13
2
3 501
o]
50
& 25
o
=
0 ‘ 0 |
rmal0 shipsecl

D@Z.Sx fewer blocks

LINEAR SCALE LOG SCALE
| @original frow  @row + column 5980
300 100 ) 2980 -
60 80 | 403
- 60 ‘ 403
40 50 60 10 54 " l
100+
20 40 20 7 7 *
o 0 0 20 0 | |
cop20k_A cant pdb1HYS conf5_4-8x8-10 consph dc2 mipl
Distribution of the #BCSR blocks per row
I@ 99.994% sparsity 1 1.8x fewer blocks
D@ 3x smaller standard deviation l‘ii’Coefficient of variation: 10.9 ] @8.4x smaller standard deviation
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LINEAR SCALE LOG SCALE
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B row+column =
g =
o) 1500 High performance: Low performance: ©15
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Synthetic Matrices

Measure the dependence on the number
X of blocks and isolate the randomness of
the sparse matrix structure

16,384 x 16,384

Number of columns in dense matrix N = 8

| At what sparsity threshold a
~777 A100 hardwarepeak T T T T T TTTTToTTTTTTTTTT

sparse library can
103 outperform a highly- Q

optimized dense library?

Performance [TFLOP/s]
= [N

2 2 5
AN —

=
S
N

100% (all zeros) 80% 60% 40%

20% 0% (dense)
% sparsity in 16kx16k band matrix
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Synthetic Matrices

Measure the dependence on the number
of blocks and isolate the randomness of
the sparse matrix structure

16,384 x 16,384 1 |
Number of columns in dense matrix N = 8 | At what sparsity threshold a
---- A100 hardware peak ---------- cuBLAS 33x slower ~———~-% sparse library can Q
103 - than hardware peak ST & el
optimized dense library?
At MINIMUM 7x faster than Only 2.3x slower
= 10" second best (DASP) than cuBLAS
5 - 3
E a — I
8 100 4
£
(o]
E 10717 —— CcuBLAS [dense]
Faster than cuBLAS — SMaT )
o cisa Ty TN —— DASP 1724x times faster
1072 CUSPARSE than cuSPARSE
—— Magicube
10(|)% (all zeros) Bd% 6OI% 4d% 20|% O‘I% (dense)

% sparsity in 16kx16k band matrix

N\
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Synthetic Matrices

Measure the dependence on the number
of blocks and isolate the randomness of
the sparse matrix structure

16,384 x 16,384 1

Number of columns in dense matrix N = 128
—-—--- A100 hardwarepeak @~

At what sparsity threshold a
sparse library can
outperform a highly- Q

optimized dense library?
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Performance [TFLOP/s]
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100% 80% 60% 40% 20% 0%
% sparsity in 16kx16k band matrix
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Synthetic Matrices

Measure the dependence on the number
of blocks and isolate the randomness of
the sparse matrix structure

16,384 x 16,384 1

Number of columns in dense matrix N = 128

At what sparsity threshold a

—-—-- A100 hardware peak  -——==—==—-- cuBLAS 2x slower than -————=—~. sparse library can
103 Faster than cuBLAS hardware peak ) outperform a highly- Q
for sparsity 96% S optimized dense library?
CUBLAS
w 10!
&
9 .
= At MINIMUM 5.3x faster than 2445x times faster
v 10° second best (Magicube) than cuSPARSE
@
£
£ -1 —— CUBLAS [dense]
g 10 —— SMaT
—— DASP
. CUSPARSE
1072 | —— Magicube
106% Sd% 60|% 40|% 20|% O‘I’Aa

% sparsity in 16kx16k band matrix
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SuiteSparse performance comparison RELUECECTE HERzok s 10.78x faster
7.34x) (up to 125.48x) (up to 51.23x)

T 7.34x faster than the second-best (DASP) BEm Magicube
— 2000 oo
£ b 125x faster than cuSPARSE W CUSPARSE
g b B DASP
= Voo
£ 1500 P Bl SMaT
8 i é Performance
5 1000 Lo in GFLOP/s
g o Magicube: 1.8
£ b CUSPARSE: 3.9
g b DASP: 69.1
=007 P SMaT: 2.5
0- y o
mipl cant pdblHYS rmal0 cop20k_A consph shipsecl dc2 conf5_4-8x8-10
Importance of , , )
q Ill-suited for SMaT’s execution
§00 ) model with static 2D parallel
preprocessing schedule

SMaT is better on average 7.71x (geometric mean) than the respective baselines
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More of SPCL’s research:
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Performance Model

B

210+ Talks

2 youtube.com/@spd

goriginal grow  grow + column —

b %LA T“ 0“ i‘ M nt u twitter.com/spcl_eth € 1€ 0] |G

Any startup,
initialization, cache

warm-up

150 100

100 »
0

50
5
0 ol

ma10 cop20k A = pdbiHYS  confS_4-8xB-10 consph

- > isnibul'rb;mohhe#BESRblocksper:uw .
. 4 e T O github.com/spd 5.6K+ Stars

[
IE
.

Tior = Te * e + Tinie

mipl

Number of dense blocks in the
BCSR format
M
nnz)

(N
min
\h-w

single instruction

t
16x8x16

< cscs ETHziirich YY) or SDCI.ethz-Ch

an
. .
Preprocessing reordering | Custom CUDA kernel |
Execution
01234567  rowPtr # blocks: P 01234567 rowPtr # blocks: 7
0 9 #zeros stored: VB ieni ey
L 4
3 : o improvement: [EACHTC e of Cls e
é % o — 13/7-1.85 :;:Ur":::,; First blocks are processed
7 7 (Cleix ET VIR £ executed
by S
loaded
double-
Sylos La Igorithm [6] provided buffering
Many blocks are almost empty! the best reduction in the block count '

P

bcion” i 002

161F .k M B W Mo, Shs, e Ve,

DELIVERING performance
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T o
SMaT: (S)parse (Ma)trix Matrix (T)ensor Core-accelerate

Input (Section 18)

10.78x faster
(up to 51.23%)

16.32x faster
(up to 125.48x)

2.60x faster (up to
7.34%)

SuiteSparse performance comparison

= Magicube

" sporsematr 4
01234567 o B wow #blocks:7
g QI 8 2er0s stored: O B 7.34x faster than the second-best (DASP)
3 ] e H i : £ 125x faster than cuSPARSE. W CUSPARSE
: { o § : =
3 val 2 val - z -—iar
; o B 1500
3
| g
2 1000
£
H
Setup:
tond bt £ o0
Norrses octs s dares
o

bardme
0
MEASURED PERORMANCE IN GFLOP/S mipl cant pdblHYS mal0 <op20k A consph shipsecl dc2 conf5_4-8x8-10
= Import; f
- :o':' © llsuited for SMaT’s execution
8 model with static 2D parallel
preprocessing schedule

SMaT is better on average 7.71x (geometric mean) than the respective baselines
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