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Model’s size evolution

GPT-4 (projected)
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Model sparsification

Sparse Matrix-Matrix Multiplication
AB=C

+* A sparse matrix

+* B and C dense matrices

Intuition: Not all features are always relevant!
L Less overfitting
L Interpretability
L Parsimony

Existing GPU kernels are inefficient!

200 AR

Sparsity in scientific problems _ B
99%, quite structural (e.g., banded matrices) | .. EEREE

! | source: sparse.tar ,, KNSRI

Sparsity in DL:
, quite irregular

800 [N

1000

8%%8 Hoefler et. al “Sparsity in Deep Learning: Pruning and growth for efficient inference and training in neural networks”, arXiv 2102.00554, Jan 2021 3
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Tensor Core Units

AO | A1 | A2
Number Representation
 FP32,FP16,Int8, D = A3 | aa | s | X +
TF32,BF16
A6 | A7 | A8
e ~l6x
Process
e 28nm, 16nm, 7nm,5nm
e ~2.5x

Complex instructions
HMMA, IMMA
e ~12.5x
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Sparse Tensor Cores — structured sparsity

Sparse Tensor Core (SPTC)
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NVIDIA N:M format Precision  Format

fp32 1:2
half (fp16) 2:4
uints 2:4
uint4 2:4

Best 2 (N) out of 4 (M)

on-zero
values

«—K/2—> <« K/2—
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NVIDIA N:M format

Best 2 (N) out of 4 (M)

Precision Format
fp32 1:2
half (fp16) 2:4
uints 2:4
uint4 2:4

Non-zero metadata
values indices

«—K/2— <«K/2—
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NVIDIA N:M format Precision  Format

fp32 1:2
half (fp16) 2:4
uintd 2:4
uint4 2:4

Non-zero metadata

A (Dense) values indices

«—K/2—> <« K/2—
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NVIDIA N:M format Precision  Format

fp32 1:2
half (fp16) 2:4
uintd 2:4
uint4 2:4

Non-zero  metadata
A (Sparse) values indices

«—K/2—> <« K/2—

8%%8 10
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NVIDIA N:M format

Non-zero metadata

A (Sparse) values indices B (Dense)
K
Compress
Y
«—K/2—> <« K/2— —C—

2-bit indices

8%%8 11
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NVIDIA N:M format

Non-zero metadata
A (Sparse) values indices

B (Dense)

=

Compress

«—K/2—> <« K/2— —C—
2-bit indices

8%%8 12
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NVIDIA N:M format Precision  Format

50% sparse matrices !l — fp32 12
half (fp16) 2:4
uint8 2:4
uint4 2:4
Non-zero metadata B (Dense)
A (Sparse) values indices

’( X ; » ] result

8%%8 13
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Existing Sparse Matrix Formats

Properties of existing sparse formats:

1. Block-wise

v

Very Regular

K Too restrictive weight selection
X No hardware support

15
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Existing Sparse Matrix Formats

n _ 9_ Properties of existing sparse formats:

1. Block-wise

v/| Very Regular
K Too restrictive weight selection
X No hardware support

2. Vector-wise
"1 Accuracy-performance trade-offs
¥ Performance still far from ideal
XK No hardware support

8%58 Roberto L. Castro et. al “Probing the Efficacy of Hardware-Aware Weight Pruning to Optimize the SpMM routine on Ampere GPUs”, PACT’22 16
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Existing Sparse Matrix Formats

@ Block-wise @ Vector-wise (3 Y Properties of existing sparse formats:
1. Block-wise

Very Regular
X Too restrictive weight selection
X{ No hardware support
2. Vector-wise
I Accuracy-performance trade-offs
X Performance still far from ideal
2{ No hardware support
«—D:g—> 3. N:M
Very flexible
Hardware support but...
X{ Restricted to 50% sparsity

8%58 Roberto L. Castro et. al “Probing the Efficacy of Hardware-Aware Weight Pruning to Optimize the SpMM routine on Ampere GPUs”, PACT’22 17
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VENOM icon was generated with DALL-E 3



24
VENOM: The V:N:M Format
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VENOM: The V:N:M Format
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VENOM: The V:N:M Format

Best 4 out of M
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VENOM: The V:N:M Format

Best 4 out of M
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VENOM: The V:N:M Format V:N:M

¥ Very Regular

¥ Flexible
¥ Hardware support
¥ Entire sparsity

@ Bockwise @ Veotorwise ©nm

8%%8 23
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VENOM: The V:N:M Format

column-loc

A

K/M*4 >

¢

Non-zero m-indices
‘M=2: > values 2dits/elem
A A
V=
v R
v .
. K s —KM2— «KM*2~

Sparse Matrix

24
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Stage 3. Result storage

xatimes| BLO] 1| -
° "DE" o] bo Bank 0~3
T )

b1/ \b1 b1 [\p1 K .

Ty = Thread x Ty 172 D B :

row 0 Wsk[ I Mmag=32 . ) L :

~WSc— MMAK=16 (32/2)
fow? wsy| e
ﬁ—’d"‘”ﬂ Non-zero ' °K + I MMA=16
column-loc values m-indices WS’J
. . ° wsk 8

5 ] ) l6l7
1 al
a3

PAD
- :i o1 [T 67 ][ eo [lrass] o (0'1 } 17
——— Tofapa1}  Tsfapa1} Tofa8,a%) Ta{ag ag} ofco,c1 0,01 =
To TLT2 T3 Tsfaoa1l  Trlaoa1) Tafagagl  Tr{agack Tafcocl}  T7{cocn}
Taoall  Tifaoal) Telaga)  Tifesag) |2] TelCocat .. Tufcocn) ) )
Ti2{a0,a1} - T1s{a0,a1} Tipfagag} .. Tisfagag) |3{T12{c0c1}  Tis{coc1} 7 15
Tiefapa1l  Tiofaoa1} Tigfagagl  Tiofagag} Tiefcoc1t  Tiofco,c1t 7 15 15
Teofa0,a1}  T23{apa1} Toofagagl  Toafag,ag) T20{co,c1} - T23{co,c1} PAD PAD PAD PAD
Toafao.a1} - T27{80.31} Tosfagagh .. Torlagagh |6 |T24lcocat  Tarlcocsd 23 | 23 | 31 | 31
Tosf0a1)  T3ua0a1} Toglagag)  Tayfagag 7]T28fc0c1}  Taifcoctt 23 | 23 | 31 | 31

Tofazas)  Tala2a3) Tofagag)  Talagag) |8 ToC2c3t  T3eaca) 128 byt
ytes

MMAC=

7 9 [. 16

al a9
| C (Dense) . = AT

P SO

batchSize: ——BSK— ’ a5 - [a12ja13
a6a7] [a14] [a15
Blocked SpMM Thread Block Tile Warp Tile T Ti6 - T10

(Global Memory) (Shared Memory) ——. (Register File) TiTTIe TiTe

o[<[o[a[s[w[n]=]o]>

T2sfaz,as}  Taifa2.as} Togfagagl  Taifagag Tos{c2.c3t  Taifcz.cat
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Spatha ¢ . Stage 1 — Data Movement

B (Dense)

(——C——>

A
A
Y

. @ T

Compress

=N

4:2:8 sparsity
(2 non-zeros
out of 8)

—< —

\4

8%58 A (Sparse) C (Dense)

}‘ .4-“. UNIVERSIDADE DA CORUNA
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Spatha ¢ . Stage 1 — Data Movement

B (Dense)
« C N
Sparse Tensor
Core TTiT il
Select—
K
» X result
< K > \ \ 4
\'
l Compress
R =
| |4:2:8 sparsity
(2 non-zeros
out of 8)

8%%3 A (Sparse) C (Dense)

:-"‘“‘ .<‘-= UNIVERSIDADE DA CORUNA
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Spatha ¢ . Stage 1 — Data Movement ’

| | | | | | | | |__> Select matching K/M*4 elements B(Dense)
Select out of K <——C—>
J-I, A
Sparse Tensor — ~ ‘ ‘
Core VU1 T

Select —’“
( ‘ result

.

\ - \ 4
&

Compress
R =D
4:2:8 sparsity

(2 non-zeros
out of 8)

u
~
=
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A
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s A (Sparse) C (Dense) -
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Spatha ¢ . Stage 1 — Data Movement
—— B (Dense)
e

JL [TITT11| g
Sparse Tensor N4 EEEEEE >
[
Memory bound problem!! Seleot < == >
>
[T T T T 11
column-loc . K P
i s oy >
"X) o] result LT TT T 1] .
) K . [LILTT11)) }
\Y
l Compress
=N
4:2:8 sparsity
(2 non-zeros
out of 8)
8%%8 A (Sparse) m-indices C (Dense) 30
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—C—

0
o Pipelining (async)| ~—BSc—

~WSc—
row 5 T @
/—‘ row 7
column-loc

! i B
Non-zero WSkI

values m-indices

oumemms 1 -
. . [ ]  [— = WSr
\l/ I I I Warp 0 !
S 1
— RVEHIHEEE L = i | [
tage ata Movement :RILAH- fo

1 [T I,

(U aspsal] | [comsn w5
K- batchSize ~—BSKk—
Blocked SpMM Thread Block Tile Warp Tile
(Global Memory) (Shared Memory) (Register File)

x4 times,

wse
WSk I Mmag=32
MMAK:IE (3212)
MMA,——lG
i ofaf..[6[7][8o]. [15]16]

al a0 |al||a8 a9 a8 |a9
a1t MMAc_

a3 a2 |a3|[al0fall| 10|
a5| .. |a4|a5|[al2fal3] ... [a12}al3|

Al o1 1.1 67 ] [ 89 1 114151%

1

[}
l a7| |a6|a7|[p14fa1s| |a14fais|
— s e 5 P 0| Tofaoa1} Tafap,a1} Tofa8,ad} Tafagag} |9]
To TLT2 T3 To 11,72 T3 Tafag,a1} Tr{ag,a1} Tafag ag} T7{agag} 1]
Ws=32

1]..Jel7][8] o[ T15[16]
5]
o]
]

Tofco,c1} T3{co,c1}
Tafco,c1} T7{co,c1}
Taapal}  Ti{aoarl Tefagag  Tifagag) |2 T8lC0Cl} .. Tia{coca)
[3[T12fcocat  Tas{coc1}
[4[T16lcocat  Tiofcoc1}
[5 [T20fco,ca} - Tasfcoc1}
[6] T24faoas} - T27{a0.a1} Tosfagag) ... Torfagag) |E]T24{c0ctl  Tar{cocsd
7
[8]

T12(a0,21} - T1s{@0,a1} Tiofagag} ... Tis{agag)
[4]|T16a0a1}  Tiofaoa1} Tiglagagt  Tiofes,ac)
T2ofaoa1}  T2sfaoai}l Toofagagl  To3fagag)

a3| [a2]a3|[a10ja11| |a10ja1s)
a5 ... [a4]a5|[a12ja13] ... la12]a13
a6[a7| [a6[a7][p14ja1s| |a14pais)
7] L Ellre R
= TI9 Ti6__ T19
Ti7T18 17,118

al a0|al||a8|a9 a8 |a9
7

T2g{coc1t  Tsifco.ca}
|8 Tofcz,ca} T3{cz 3}

[7]T28021)  T31{20.21) Togfagag)  Taufas,ag)
[8]Tolazast  Talazasl Tofagag)  Talag.ac)

[15]T28a2,23)  Taifazast Toglagag)  Taifagag [15|T2slc2cst  Taufcacst
Bank 0~3

o 1 | 4 5 | [ 8 [ 16 | 16 | 24 | 24
["8 [ 16 | 16 | 24 | 24
PAD PAD PAD PAD 2 3 6 7 PAD _ 0 0 8 8
24 0 8 8
pAD [0 9 2 24  PAD [ 1 9
25 | 25 1 9
PAD PAD PAD 25 [ 25 PAD PAD PAD
9 9 17 [ 17 | 25
9 9 a7 .28
7 15 | 15 | 23
| 15 15 23
PAD PAD PAD PAD 2 PAD PAD PAD PAD _ 7

[ 23 23 | 31 | 31
PAD [ 23 | 23 | 31 | 31 PAD

128 bytco 128 by‘Lco

G%%D 31
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—C—

0
o Pipelining (async)| ~BSc—

~WSc—
row 5 T @
/—‘ row 7
column-loc

! i B
Non-zero WSkI

values m-indices

oumemms 1 -
. . [ ]  [— = WSr
\l/ I I I Warp 0 !
S 1
— RVEHIHEEE L = i | [
tage ata Movement :RILAH- fo

1 [T I,

(U aspsal] | [comsn w5
K- batchSize ~—BSKk—
Blocked SpMM Thread Block Tile Warp Tile
(Global Memory) (Shared Memory) (Register File)

x4 times,

wse
WSk I Mmag=32
Q MMAK:IE (3212)
MMA,——lG
i ofaf..[6[7][8o]. [15]16]

al| [ao[a1][a8]a9] [a8[a9
a3| |a2[a3|[at0ja11] |a10fa1s] MMAC-
a5 ... [a4]a5|[a12ja13] ... ja12a13]

° c
2 A o1 [T 67 ][ 8o [.[1a15] -2 -
2| 7| o0 a7 etds] pidets|| fo 1 Tooan < Taoan Townes  Tlsen) [9] TOC0S)  Toacy
To TLT2 T3 To Tir2 T3 Taaoa)  Trlaoall Tafasag)  Tragagh [L|T4C0ct  Trcocy
ws=32 T TeT 6 s Tl Teoa1) Tl Tefagag)  Tufegag) [2f TelCocy .. Tulocit
|5| [a0[az] [e0]at][a8]e0] [a8]a0 Ti2{a0.21} .. T1s{a0,21} Tizlagag) ... Tisfagag) |3]T12lc0c1}  Tis{coca)

3

4
23| [a2]aa|[aofert] |atofart]| [4] T16@0.21)  Tiofaoaa} Tiglagach  Tisfagae) [4[Tielcoctt  Tielcoctt
25| laa|a5 |[a12ata] . 1zai3 Toofapa1l  Te3faoai} Toofagagt  Teafagag) |5 (T2ofco.ca} - Taa{coc1}

7| et Taslar | midais, aishrs|| [©] 72401 - T27(e0.a1) Togfagac) ... Torfagach [S]T2alC0ct)  TarlCocn)

H e SIS B [7]Tesle0att  Tano21) Toglagag)  Taufas,ac) %Tza(tu,q} Tai{co,c1

T
-

9 Tofcz,c: T3{co c:
= 6 e TI6 o0 To(agvag) Tsfa2a3} Tofagag)  Tafagag) = o{z 3} (z 3}
[18]28(e2 23} Tanfazaz) ng(;&ag) Tgl(.a.avag ETZS(CZ,%} Taa{cz,ca}
Bank 0~3
[ o 1 4 5 | [ 8 [ 16 [ 16 | 24 | 24
[ "8 [ 16 [ 16 [ 2a | 2a
PAD PAD PAD PAD 2 3 6 7 PAD _ 0 0 8 8
24 0 8 8
_pap [0 2 24 | PAD [ 9
25 | 25 1 9
PAD _PAD _PAD 25 | 25 PAD PAD PAD
9 9 17 | 17 | 25
9 9 17,117 1.2
7 15 | 15 [ 23
| 15 15 23
PAD PAD PAD PAD 2 PAD PAD PAD PAD 7
[ 23 23 | 31 | 31
PAD [ 23 ] 28 | 31 | 31 PAD

128 bytco 128 by‘Lco

et 32
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—C—

0
o Pipelining (async)| ~BSc—

~WSc—
row 5 T @
/—‘ row 7
column-loc

! i B
Non-zero WSkI

values m-indices

oumemms 1 -
. . [ ]  [— = WSr
\l/ I I I Warp 0 !
S 1
— RVEHIHEEE L = i | [
tage ata Movement :RILAH- fo

1 [T I,

(U aspsal] | [comsn w5
K- batchSize ~—BSKk—
Blocked SpMM Thread Block Tile Warp Tile
(Global Memory) (Shared Memory) (Register File)

x4 times,

wse
WSk I Mmag=32
Q MMAK:IE (3212)
MMA,——lG
i ofaf..[6[7][8o]. [15]16]

al| [ao[a1][a8]a9] [a8[a9
a3| |a2[a3|[at0ja11] |a10fa1s] MMAC-
a5 ... [a4]a5|[a12ja13] ... ja12a13]

° c
2 A o1 [T 67 ][ 8o [.[1a15] -2 -
2| 7| o0 a7 etds] pidets|| fo 1 Tooan < Taoan Townes  Tlsen) [9] TOC0S)  Toacy
To TLT2 T3 To Tir2 T3 Taaoa)  Trlaoall Tafasag)  Tragagh [L|T4C0ct  Trcocy
ws=32 T TeT 6 s Tl Teoa1) Tl Tefagag)  Tufegag) [2f TelCocy .. Tulocit
|5| [a0[az] [e0]at][a8]e0] [a8]a0 Ti2{a0.21} .. T1s{a0,21} Tizlagag) ... Tisfagag) |3]T12lc0c1}  Tis{coca)

3

4
23| [a2]aa|[aofert] |atofart]| [4] T16@0.21)  Tiofaoaa} Tiglagach  Tisfagae) [4[Tielcoctt  Tielcoctt
25| laa|a5 |[a12ata] . 1zai3 Toofapa1l  Te3faoai} Toofagagt  Teafagag) |5 (T2ofco.ca} - Taa{coc1}

7| et Taslar | midais, aishrs|| [©] 72401 - T27(e0.a1) Togfagac) ... Torfagach [S]T2alC0ct)  TarlCocn)

H e SIS B [7]Tesle0att  Tano21) Toglagag)  Taufas,ac) %Tza(tu,q} Tai{co,c1

T
-

9 Tofcz,c: T3{co c:
= 6 e TI6 o0 To(agvag) Tsfa2a3} Tofagag)  Tafagag) = o{z 3} (z 3}
[18]28(e2 23} Tanfazaz) ng(;&ag) Tgl(.a.avag ETZS(CZ,%} Taa{cz,ca}
Bank 0~3
[ o 1 4 5 | [ 8 [ 16 [ 16 | 24 | 24
[ "8 [ 16 [ 16 [ 2a | 2a
PAD PAD PAD PAD 2 3 6 7 PAD _ 0 0 8 8
24 0 8 8
_pap [0 2 24 | PAD [ 9
25 | 25 1 9
PAD _PAD _PAD 25 | 25 PAD PAD PAD
9 9 17 | 17 | 25
9 9 17,117 1.2
7 15 | 15 [ 23
| 15 15 23
PAD PAD PAD PAD 2 PAD PAD PAD PAD 7
[ 23 23 | 31 | 31
PAD [ 23 ] 28 | 31 | 31 PAD
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Ablation study — Spatha performance and column-loc overhead

B (Dense)

A (Sparse)

eeeee

I W/ column-loc s w/o column-loc

40

0p)
< 4 15
0—3' 30
> 3
o
= 2
= S 10
g II
D
8_ 0 0 0

XAV QO OO0 >V Q N V'LQQ}"OD“L AN
0p] MAV Q ‘bbv 0’\&%’\% %) ‘b‘o Q’\D&Q’\b‘ <o

%g§¥$§%§%y S % %, SRS 4°Vé”q'\»zv %,gcbe%pgy XIS xﬂi
K K K

Ideal 50x

Ideal 5x

a3t Sparsity [%] (V:N:M) *

Ideal 20x
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Sparsification with VENOM

data-driven

(inference-only)

data-free

(no model evaluation)

training-aware
(full training)

energy Input sensitivity Fourier sensitivity
(outputs always (do outputs change  (which weights do (strengthen weights (outputs are
nearly zero?) across examples?) not influence outputs?) between correlated  all similar?)

neurons)
Magnitude pruning Second order pruning
* Based on weights absolute magnitude  Based on second-order derivative (“gradient”) information
L4 straightforward ‘ * Find the set of weights whose removal will incur in a
L4 Moderate sparsity levels minimal increase in loss
X Becomes challenging with high sparsities L Successfully applied to high sparsity ratios (>90%)

8%%8 Hoefler et. al “Sparsity in Deep Learning: Pruning and growth for efficient inference and training in neural networks”, arXiv 2102.00554, Jan 2621
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Second-order pruning

Saliency score (oBERT):

98]

~ —1
po = (Eqw")" (EQF'(W")E]) Eqw".

n L:d CoLlcLLron
e_24 = torch.tensor([

where, [1, 1, o, el, A
* d . . . [ll Bl 1r E]r ]
« w* € R%is a well optimized dense model 1 e o 11 g
« d total number of weights le, 1, 1, el, z
e F1(w) € R¥4 js the Fisher matrix (e, 1, o, 11, 3
° |Q|xd 1 1 [EI Bl 1r 1]r g | I
E, € IR. is a matrlx Cc?mposed of the I, dtype=torch. long, devis )
corresponding canonical basis vectors e, (Vk € Q) _ T >
* One-shot pruning

arranged in rows

¥ Computationally affordable (6 combination)

¥ Good model accuracy recovery (50% sparsity)

e | j 37

Eldar et. al “The Optimal BERT Surgeon: Scalable and Accurate Second-Order Pruning for Large Language Models”, 2022 (oBERT)
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Second-order pruning

For N:M sparsity:
* The Fisher matrix will be MxM, representing
correlations Possibilities to consider for each group Q is

between all the weights in the group (M)
. . . N
* Evaluating all the E; canonical vectors turns into an
M-combinatorial problem

)

For V:N:M garsit:

* The Fisher matrix will be (MxV)x(MxV'), representing
correlations between all the weights in the group
« The number of canonical vectors to evaluate increases

even further:
M\ (M =4
N M)
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Second-order pruning

For V:N:M sparsity, we propose:
Saliency score (0BERT):

¥ A to describe the set of 1 T (e S -1
I -1 * T *
canonical vectors: ~ 9 (Eqw™) (EQF (w )EQ) Eqw™.
Eg = [[1,0], [0, 1], [1,1]]
v A over which
performs V:N:M pruning across different (8 steps, @
for increasing sparsity levels g
Example: V:N:M = V:2:6 %
Steps (f=4): V:5:6 -> V:4:6 -> V:3:6 -> V:2:6 : _ >
Iterations
8%%8 . _ ; 39
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64:N:M
vw 4. bw 4

SpeedUp (log-scale)

SpeedUp (log-scale)
128:N:M

COMPUTE

Ga' ARCHITECTURE GROUP
GAC.UDC.ES

UNIVERSITY OF A CORUNA

Comparison with existing libraries — DLMC dataset

R

P EEEN

—— CUuBLAS

© ococo = N kO
R NMWOUlI O O OO
I 1

50 10 @0 o0 9% o9

ETH:zurich

=“‘ !ﬁ UNIVERSIDADE DA CORUNA

CLASP ---- cuSparse ---- cuSparselLt === Spathé@ ---- Sputnik
C=512 C=1024 270
] 15.0 1 :
8.0 ; 1870 1 2 15.0
4.0 6.0 1— 122
2.0 1 3.01 ° _é,_—é”' =
50 1 == 3.0
1.0 4 ° é—l o‘é’. T8 ? o ""'é 2.0
0.5 1 1.0 o 184 J8nfgn 11U Ip | 1.07
0.3 0.5 ol DN D 1 0.5 1
02 T 03 ' |- = T T 03 _-
0.1 0.1 q 0.1 4
i 15.0 A ° 27.0 A
8.0 ] 10'0_5 ® 15.0 A1
4.0 1 6.0 - é/,ﬁ 8.0 -
] 3.01 ° /-é*" 4.0 A
20 20 7 ,"ﬁ-—-a-é’ e 2 0 i
1.0 - | 8 ‘l '| = :,_. '

0 4 1.0 4 = P 1.0 A
0.5 - 0.5 :’ =T l 0.5 -
0.3 A 0.3 1 : 0.3 -

0.1 0.1 1

0.1 -

50 10 @0 o0 0% o9

Sparsity [%]

50 10 @0 o0 9% o9
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Comparison with existing libraries

BERT-base

SpeedUp (log scale) SpeedUp (log scale)
BERT-large

PR N

PN

- BERT,,se and BERT,, ..

—— CuBLAS -—= Spatha@ -==cuSparselLt === Sputnik -== CLASP -== cuSparse

batch size=8
64:N:M,vw 4 , bw 4

batch size=8
128:N:M,vw_8 , bw_8

batch size=16
64:N:M ,vw 4 , bw 4

batch size=16
128:N:M,vw_8 , bw_8

-

= -ar es
q ' 7 7’
- ,II ] -=r - - r -
- T - T” ] == - - e -
- - ﬁ—’E’ T 4F| —u i T L -
== - _ar"’T 1 z - ”@ & - J— [ b -
é""@__f_ * é—‘é:ﬁ &
-
’—
L
-
P -
P
_-f’ -
- -7 -7
- T -
- _E - - ,/ & - ,
] Jo - _é— 7
= g - ] - _ =
= S £y ?— _— . P
- [ g _a-- [ &l _ -
,__.?‘d o -z
-
a7

50 10 19 ¢0 o0 0% o2

50 10 19 @0 o0 0% o2

50 10 19 @0 o0 9% o2

Sparsity [%]

50 10 19 ¢0 o0 0% o2
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Case study. Sparse LLMs

Sparsity I:IN:M | 64:N:M | 128:N:M | vw_8

75% (2:8) | 88.61 | 88.47 | 87.94 | 8855
MHA 87.5% (2:16) | 87.73 | 86.50 | 85.01 | 86.90

Table 2: F1 score of BERT}, ;. on the SQuADv1.1. Dense model

Ficmas)

f Dropout
e 1 . . - 1:N:M, 64:N:M and vw_8 -> slightly improve
(\WO)[ GEMM ] [ GEMM ] ,"‘\‘Sparse - 5% the original model accuracy
! v (2: d - 128:N:M format presents a accuracy
SpMM - ‘Dense matrix loss

- 1:2:16 recovers of the original accuracy

- 64:2:16 and vw_8 pruning recover
- 128:2:16 approach recovers
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GAC.UDC.ES

Case study. Sparse LLMs

Il others B softmax B matmul B GEMMSs

Tensor time contraction

- BERT-large, bs=32 GPT2-large, bs=8 N GPT3, bs=1 BERT-large ‘ 9.95x
150 50% 250 o

- 200 80%
2 I I I 200
X 150 | I
? - = [ | = —— E E 99
210 = 50 B 5B 100 ClAPREI-CN mmm)  10.34x

0 0 end-to-end latency limited by GEMM time

D AG o) e-,e B D A0 Al S e
& \}6 %u%ﬂ &e® » (Lfo %bﬂ' o &°
BERT-large, bs=32 GPT2-large, bs=8

250
150 50% 250

—~2

5 200 200

< 150 = 100 |

) ] [] 150

c B —

O B = N
10 g B B = m & SEEE R 10
S - 50

50 I 50

0 0 0
e Ak Ak Ad A0 AL S a A 2

oS% LAY fL,L'&,L'b 0% LN TLoL ’L\’ ’L?’ oS

N2 N '\Q’%\fl% '\,’?«%' Nz N 7’%\,7/ '\,'L% 2




VENOM: A Vectorized N:M format for Unleashing the Power of Sparse Tensor Cores

VENOM: The V:N:M Format Spatha . Stage 1 — Data Movement n;

column-loc B (Dense)
Select —C— &
Q JL
RV Sparse Tensor e
4 d Core
Non-zer m-indices
. \?;\u:: 2His/elem Select
I column-loc
=4
sult
l : COMPUTER
R ] ARCHITECTURE GROUP
UNIVERSITY OF A CORUNA
GAC.UDC.ES
Compress
R
4:2:8 sparsity
K —KIM*2—  «K/M*2+ (2 non-zeros
Sparse Matrix out of 8)
e 2 e N\a:‘::o m-indices C (Dense) 2

Comparison with existing libraries - BERT,,, and BERT,, . Case study. Sparse LLMs
Tensor time contraction
—— CUBLAS  --- Spatha® --- cuSparselt --- Sputnik --- CLASP  --- cuSparse mm others mem Softmax  mem matnul  mmm GEMMS
batch size=8 batch size= 16 batch size=8 batch size= 16 . -
BERT-, bs=32 GPT2-; bs=8 GPT3, bs=1 -
LN:M L vw 4 bw 4 B4:N:M ,vw 4, bw 4 128:N:M , vw 8 , bw 8 128:N:M ,vw_8 , bw 8 250 age. be arge. bs - BERT-large [l R

T 250
. 200 200
2 T 150
& g0 100 CpATTT mmmp  10.84x
@ — 50 50 =

end-to-end latency limited by GEMM time

e %; WP et ROEHP e B

Stage 2 — Computation

GPT3

GPT2-arge. bs=5 GPT3, bs=1

BE 150 end-to-end time reduction of up to
100
=
o

BERT-large

SpeeduUp (log scale) SpeedUp (log scale)

50%
! Iy
(il -1l
T
sparsity [%] « & ﬁ“’?ﬁ\%&}gﬁ"’ &* 2 ﬁeﬂ,i:

Stage 3 — Result storage

1]

0 10 19 0 g0 gb gd 0 10 15 g0 o0 gb ob <0 10 1% g0 g0 g% gd

ae rﬁ*,\ #; I«E g

+ 4 https://github.com/UDC-GAC/venom
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