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Model size is growing exponentially

Switch

Wu Dao 2.0
1.75T

NVIDIA. DEVELOPER HoMmE FORUMS DOCS DOWNLOADS

More than 8000x
increase

+ Even if the model can be fitted in a single GPU [for example, by swapping parameters
between host and device memory], the high number of compute operations required
can result in unrealistically long training times without parallelization. For example,
training a GPT-3 model with 173 billion parameters would take 36 years on eight V100
GPUs, or seven months with 512 V100 GPUs.

—

1e+05-

GPT-2
1158M

1e+03-

Resnet-50
25M

Parameters (millions

1e+01-

2016 2017 2018 2019 2020 2021
date
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Models are also compressible

= Sparsification \ N
SpMM Sparsity in scientific: SDDMM T .
1. Self-attention in ¢ > 999, 1. Attention score in K (dense)
sparse Transformers dense sparse Transformers £
A ( )
2. Forward pass of ___[sparse) | "’ 2. Backward pass of
pruned models m C Sparsity in DL: pruned models
M (dense) 50% ~ 90% (dense)
2 C(sparse)
= Quantization
-max(| Wil) 0.0 max( | Wi]) min(Wi) 0.0 max(W;)
k\ i ,,! real (fpl6) !\\ | ,,I real (fpl6)
\\\ : l,, \\ /,I
. I - integer (int8) N | - integer (int8)
-128 0 127 -128 0 127
Uniform symmetric quantization Uniform asymmetric quantization

= Combining sparsification with quantization

Mart van Baalen et al., Bayesian bits: Unifying quantization and pruning, NeurlPS 2020
H. Yang et al., Automatic neural network compression by sparsity-quantization joint learning: A constrained optimization based approach, CVPR 2020

S. Han et al., Deep compression: Compressing deep neural networks with pruning, trained quantization and huffman coding, ICLR 2016
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Tensor cores for deep learning acceleration

Pascal, 2016 Volta, 2017

TURING TENSOR CORES TURING TENSOR CORES TURING TENSOR CORES
FPL NTE

A100 FP16 H100 FP8

Turing, 2018 Hopper, 2022

Images and GIFs in this slide are from https://www.nvidia.com/en-us/data-center/tensor-cores/



spcl.inf.ethz.ch oo @
; @spZI_eth E'HZUFICh

Challenges

(1) How to achieve practical speedup in a large range 3.0-
—_CcuBLAS (fp16)  HE cuSPARSE (int8)

of sparsity ratio, e.g., 50% ~ 98%? Z°7 amcuBLAS (int8)
o 2.0-
-}

5. How to bridge
a the big gap?

—Expected (int8)

o
D 10—

0.5-

0.0- Sparsityratio

05 07 08 09 095 098
SpMM with 2x1 block sparsity on A100 tensor cores,

using 1,536 sparse matrices from DL domain

(2) How to efficiently support sparse workloads with mixed precision (two input matrices with different precision),

e.g., 8-bit weights and 4-bit activation?

Q (int8) K (int8) V (int8)
y y
Dequantize fusion
1fpl6
_ﬁ;fg;' Supported FP64, TF32, FP64, TF32, FP16, INTS, FP16
Quantize Jint16 Tensor Core bfloat16, FP16, bfloat16, FP16, INT4, INT1
' precisions FP8, INT8 INTS, INT4, INT1
fusion Deq”fptize Two input matrices must be the same precision
pl6

Sparse self-attention with mixed precision



Libraries of sparse matrix computation
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1 Mixed precision means two input matrices with different precision

Precision

Sparsity

n

t

Sparse matrix with 1-D non-zero blocks

Library ) . - Tensor Core
fpl6 int8 int4 mixed™ granularity DL-friendly?
‘ v /X X fine-grained L e
CuSPARSELIOL ), x & block 6 @
cuSPARSELt [11] v v / X 2:4 structured 0y &
Sputnik [13] /X X X  fine-grained @] .
vectorSparse [14] v X X X 1-D block &) )
Magicube (ours) X v / v 1-D block 0 O
Columns :
1-0 block¥ N2 i€ el |8
b| [d] | [f] [h
| m q S
J r
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Data layout of m8n8k16 for int8 mma on Tensor Cores

ThreadO provides aoco, ao1, ao2, and aos,

ThreadO provides boo, b1o, b2o, and bao,/

and each bx is an 8-bit integer

and each ax is an 8-bit integer

N\

A

(row-major)

~

B

(column-major)

&ol
Row

0123

4 567

8 910 11

121314 15

0
1

TO: {aoo, ao1, ao2, aos}

T4: {a1, a1, a1z, a3}

T1: {Q0s, aos, aos, ao7}

T5: {a14, as, as, a7}

T2: {aos, aos, aoa, aob}

T6: {a1s, a1, a1a, a1}

T3: {aoc, aod, Ace, Aof}

T7: {a1, aid4, aze, auf}
>

e—
T28:{a70, a71, a7z, azs}

T29:{a74, a7s, azs, a77}|T30:{azs, azs, aza, azv}

T31:{a7, a7d, aze, a7t}

0 1 - 7
TO: T4: T28:
0 {boo,  {bos, {bo7,
1 bo, b, b1,
2 b2o, b21, b27,
3 bao} b31} b37}
T1: T5: T29:
4 {bo, {b41, {b47,
5 bso, bs1, bs7,
6 beo, be1, be7,
7 b70} b71} b77}
T2: T6: T30:
8 {bgo,  {pe1, {be7,
9 bso, bos, b7,
10 bao, bai, ba7,
11 bbo} bb1} bb7}
T3: T7: T31:
12 {bco, {bes, {be7,
13 bdo, bdz1, bd7,
14 beo, be1, be7,
15 || bo}  bup b7}
< n=8 >
{coo, (501}{C02, éos}{Coa, éos}{Cos, (:.07}
& T4 : : :
Cxx 1S [{c1o, ci1}{c12, cis}{cis, cisH{cus, 517}
int32 )
‘_C (row-major)
T28: T29: T30: T31:
{c70, cra}{c72, c73}{c74, c75}{c78, C77}

ETHzurich

16
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SR-BCRS sparse matrix format

Row pointers = [0, 4, 10, 13]
(b) T
Column indices =

_ Columns BCRS (1,3,6,8,1,2,5,7,8,11,0,4,9]
N = c = 5 format Val _laibjicldieifigihlilgikilim
(a) L b d f h alues = nfopiglirlsitiuviwxlyiz
Sparse i |k m| |olq S
Matrix Rows J | N plr t
u W y Row pointers = [0, 4, 4, 10, 12, 15]
v X Z (c) Column indices =
SR-BCRS [1,3,6,8,1,2,5,7,8,11,%,%,0, 4,9, *]

Sparse matrix with 1-D block non-zeros,
the length of the 1-D block =2, 4, or 8

format
: _lajcierg| lijkimio|lg|s| || |ujwly|-
(stride=4) Values =rgraethl [Tilnlpleltl | [vixlz

SR-BERS (ours) is moie friendly to Tensor Cores

A (row-major)
Col
Q 0123 4567| 891011 12131415

Matrix A for mma

TO: {aco, ao1, A0z, o3}

T4: {a0, a11, a12, a13}

T1: {ao4, aos, aos, a7}

T5: {a14, a1s, as, @17}

T2: {aos, o9, aca, Aob}

T6: {a1s, a0, a1a, A1v}

T3: {aoc, Aod, Qoe, Aof}

T7: {aic, aid, aie, aif}
&
>

-—

.

T28:{a, a71, a7z, a3}

T29:{a, a7s, azs, a7}

.

T30:{ars, az9, a7a, azb}

I

T31:{arc, azd, aze, a7}
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SpMM in Magicube

idx0 T
idx1 B Bsk
idx2 (dense)
idx3 B K row-major K BS
/ (dense) |
Stride=BS,

£ 3% (sparse) 1 7

BS,
M

(dense)

C
L | A{sparse) (denSE)

K (in SR-BCRS format)
(@) SpMM (b) SPMM in Magicube at thread-block level
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Load rows of matrix B to shared memory for int8

one .
bank ‘,ig;gger BS, = 64 |
T0 |14 Bank 0 ~ 7 T24|T28 Bank 8 ~ 15 Coalesced into a
TO [[TAa"Bank 16 '~ 23 24178 ank 24~ 31 64-byte transaction
T0 |[T4 Bank 0O ~ 7 T24|T28 Bank 8 ~ 15
70 |74 Bank, 16 = 23 T24|T28 Bank . 24 ~ 31
TL| 15 Bank, 0 ~ 7 725|729 Bank 8 ~ 15

/ Ti[To Bank 16 % 23 135158 Bank 24 %51

4-way bank conflict T1 |75 Bank O ~ 7 T25|T29 Bank 8 ~ 15

\ T1 | 75 Bank 16 7 23 T25[T29 Bank 24 ~ 31
T2 76 Bank 0~ 7 6|70 Bank 8 ~ 15 B3 =16
T2,1.76 Bank 16 ~ 23 T2 | T30 Bank 24 ~ 31
J2,176, Bank Q ~ 7 T2 T30 Bank 8 ~ 15
72 | 76 Bank 16 ~ 23 T26|T30 Bank 24 ~ 31
13|77 Bank 0 ~ 7 T27|T31 Bank, 8 ~ 15
T3 | 77 Bank 16 ~ 23 127|T31 Bank 24 ~ 31
13|77 Bank 0 ~ 7 T27|T31 Bank 8 ~ 15
T3 | 77 Bank, 16 .~ 23 127|T31 Bank 24 ~ 31

l( WarpO )”( Warpl )l



spcl.inf.ethz.ch oo @
; @sle_eth E'H ZUri Ch

Load blocks of matrix B to shared memory for int8

8-bit -
|41integer BSn = 64
124 | T28
124 | 128
124 | 728
124 | 128

Bank conflict-free

BSk =16

Warpl )l

12
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Local transpose on registers for int8

Share?l LT bank 8-bit BS, = 64
bankO T0
bank16| TO_ To Bank 24 ~ 31
banko | TO 10 Bank 8 7 15
bank16 T:O 12
load 8-bit Bank 16 " 23
integer
I o e e e e e R BSk =16
Registers Bank 24 ~ 31
transpose l Bank 8 ~ 15
in char,
|nput
Jornbut s Bank 0 ~ 7,
|nput w
Js Bank 0 ~ 7,
|nput
PR Bank 16 7 23

|nput
of mma3

Warpl )l

13



Shared memory

bankO T:O
bank16 T:O
bankO T:O
bank16 T:O
load l _8-bit
integer
Registers

transpose
in ch
of mma0

input
of mmal

input
of mma2

input
of mma3

Local transpose on registers for int8

spcl.inf.ethz.ch
L 4 @spcl_eth

ETHzurich

. |

Thread0 provides boo, b1o, b2o, and bso,/ row<?| O 1 7 -+
; hit i < 0. T4 T28:
and each b« is an 8-bit integer 0 ] oo b,
1 b, § b, b7,
2 ) b2o, b2, b27,
3 b30} b31} b37}
T1: T5: T29:
4 {bso,  {ba, {ba7,
5 bso, bs1, bs7,
6 beo, be1, bs7,
b7o b71 b77

(columr?-major) ! T2=} T6=} T3°}= =16

8 {bso, {bs, {bs7,
Thread0 provides aoco, ao1, a2, and aos, 190 E”": bs1, bs7,
5 s » 20, bai, ba7,
and (/eech ax is an 8-bit integer 11 | b} b i}
T3: T7: T31:
A 12 | {bo, {be, {be,
. 13 bdo, bd, ba7,
(row-major) 14 | be, | be i

15 b} brijw bf7} _\/_

0123 4 56 7 8 9 10 11| 12131415 n=8

0

TO: {aoo, ao1, aoz, ao3}| T1: {aos, aos, acs, ao7} | T2: {aocs, aos, aca, Aob}

1 | T4: {aw, au, a1z, ai3}| T5: {as, as, ais, a7} | T6: {a1s, a0, aa, awb}

T3: {aoc, aod, ace, aof}

T7: {a1c, aid, ate, aut}
>

<

e

7 T28:{a70, a71, ar2, a73}{T29:{a7s, azs, aze, a77}| T30:{azs, a7s, aza, azb}

T31:{az, a4, aze, az}

int32

{coo, éo1}{coz, Co3}{Co4, Cos}{Cos, Co7

T29:

T30:

4 T4: T5: T6: T7:
m=8 Cxx IS [{cio, c1al{cz, ci3}{c1s, c1sH{cis, o

‘_C (row-major)

T28:
{c7o, cril{c72, c73}{ca, c75}{C78, C77

T31:

Data layout of m8n8k16 for int8 mma

Efficiency is
guaranteed by:

(1) coalesced
global memory
access

(2) conflict-free
shared
memory access

(3) fast
transpose on
registers
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MMAs in SpMM with int8

Shared memory

bank0 T:O
bankie| T'O '
banko | 1O B block B bIoc!<
bank1is| TO after transpose on registers by warp0 after transpose on registers by warp1
i [ 4*n=32 | 1 4*n=32 l
load ir?t-gger | 11 ]
Registers

transpose l s
in char m | [ shared among
mput warps
of mma0
mput (on SM)
o mmal -
Joineut, The warp-level view of MMAs in SpMM with int8

|nput
of mma3

15
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Efficient local transpose for int4 with indices shuffling

Column indices of
the sparse matrix A

| idx0, idx1, idx2, idx3, idx4, idx5, idx6, idx7 |

€ Block-wise
indices shuffling

| idx0, idx2, idx4, idx6, idx1, idx3, idx5, idx7 |
J

Y Split
a block with 8 indices after shuffling
9 Load data of the QTranspose nt32[5 e
dense matrix B (via SM) _ . in char In
to registers 4-bit (8(:_/1bc|13) []low a-bit int32
integer I high 4-bit / \
idx0 idx0[0 @KMaSk and sgft
idx2 idx2|2 -
:d§4 : ;d§4 P int32 0] 2] |4 [6 PG 192 bitwise
ast to _ :
To 196 char_ idx6(6 int32[[I B[54 (HEEM operations
idx1 idx1|(1 ] | ‘
- ; Bitwise OR 0 Bitwise OR
idx3 idx3 |3 \ V 32 bitwise
idx5 idx5(5 ) )
g .- int32 02357 [ClilZEABER operations
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Prefetch data blocks of matrix B of SpMM

Global Memory

Load data from GM to SM

Algorithm 1 Prefetch the data block of dense matrix B

steps = nnz | BSy;

Load_A_values_and_indices_to_shared(0);
__syncthreads();

Prefetch_B_values_to_registers(0);

for i=1; i < steps; i++ do

®» Cold start

__syncthreads();

Store_B_values_on_regs_to_shared(i-1);
Load_A_values_and_indices_to_shared(i);

Load data and
indices to SM

Prefetch_B_values_to_registers(i);
MMA_compute_tiles(i-1);
__syncthreads();

Overlap prefetch
with MMA

end for

Store_B_values_on_regs_to_shared(i-1);
__syncthreads();
MMA_compute_tiles(i-1);

®» The tail of pipeline

17



SDDMM in Magicube

(dense)

A

(dense)

C (sparse)

(a) SDDMM
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; @SPZI_efh E'HZUFICh

K BSn

BSy

v | IS
A BS,

((row-major)

C (sparse)
(b) SDDMM in Magicube at thread-block level



MMAs in SDDMM

L N ]

T

%ﬁ (col-major))|

warp

+twarp
o
p)

C (sparse)
The thread-block level view of SDDMM

spcl.inf.ethz.ch oo @
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load directly ||| load directly
to registers by| [to registers by
warp0 warpl

shared among
warps

(on SM)

The warp-level view of MMAs in SDDMM

19
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Mixed precision

® Qais an 8-bit unsigned integer, bis unsigned 4-bit

a=11101101 (237 in decimal)

*Split
a7~4 ds~0
1110 1101
unsigned  unsigned k
|
{Recover I
2= 24 * Qs+ Az vector_len =4J AO CO

m

4
a*b=2"*a,*b+asz™*b

Cs

(b) Stacked into a single mma

[TTT1

® Qaisan 8-bit signed integer, bis signed 4-bit
a=11101101 (-19 in decimal)

Split o il 4 i
dz~4 + an3~o C =2 *T CO 1 + 2 * C]_ 1
1110 1101

signed  unsigned (a) Emulation of A (8-bit) * B (4-bit) using 4-bit mma
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Evaluation

L1 Instruction Cache

= NVIDIA A100-SXM4-40GB GPU S SR —

Dispatch Unit (32 thread/clk) Dispatch Unit (32 thread/clk)
Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
m | 108 SM
tOta S FP3ZFP32  Fres FP32 P32 Fpes
FP32FPa2  rpes INT32INTS2 P32 FP32  FPod
u h S M h 1 9 2 K B f'g b I Ll h d INTS2INT32 FP32 FP32  FPs4 INT32INT32 FP32 FP32  FPe4
e a C a S CO nt u ra e Ca C e a n INT32 INT32 FP32 FP32  FPe4 INT32INT32 [FP32 FP32 PPt
. TENSOR CORE TENSOR CORE
shared memory, a nd 256KB reglste s | Biee e |
|

FP32 FP32 FP64 [ FP32 FP32 FP84

FP32 FP32 FP64 FP32 FP32 FP&4

= supported datatypes on Tensor Core: int8, int4, intl, vt R e
fp16, bfle, tf32, fp64 — ——

L0 Instruction Cache L0 Instruction Cache

‘Warp Scheduler (32 thread/clk) Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk) Dispatch Unit (32 thread/clk)

= Compare the performance of Magicube with sparse
libraries (vectorSparse, cuSPARSE) and dense libraries

INT32INT32 FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64
(c u B LAS c u D N N ) INTS2INTS2 FP32 FP32  FPG4 INT32INT32 FP32 FP32  FPo4
’ INT32INT32 FP32 FP32  FPes INT32INT32 FP32 FP32  FP6s4
TENSOR CORE TENSOR CORE
FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64
. M M r b n h m r k . 1 5 3 6 r m t r M fr m D INT32INT32 FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP6&4
-
ICro-penc arKs: 1, sparse matrices 1ro eep
FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64

Learning Matrix Collection (DLMC) with sparsity 50%~98%, e T T
dilating each scalar with 1-D blocks (length V = 2, 4, 8) . ——

= Case study: end-to-end sparse Transformer inference One streaming multiprocessor (SM) of GA100

This image is from: R. Krashinsky, et al. https://developer.nvidia.com/blog/nvidia-
ampere-architecture-in-depth/ May, 2020

21
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Ablation study for SpMM in Magicube

40-
[ ] basic L
[] conflict-free

30- [[] conflict-free + prefetch 1.9x
B conflict-free + prefetch + col-index shuffling

20- A4

il (UL ool I'

V=2 V=8 | V=2 V=8
L8-R4 L4-R4
Sparsity = 0.7

V=2 V=8 ‘ V=2 V=8
L8-R4 L4-R4
Sparsity = 0.9

Ablation study for optimizations of SpMM
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SpMM with mixed precision in Magicube

[[[l

Spar3|ty 0.5

V=8

[[[l

Sparsny 0.7

V=

! ﬂ.[ﬂl l mﬂid]ldgﬁ[ﬂl

SparS|ty =0.8 SparS|ty 0. 9 SparS|ty =0. 95

SpMM with mlxed precision

Lx-Ry means x-bit A matrix multiplied by y-bit B matrix

[ ] L16-R16
[ ]L16-R8
[ ]Ls-r8
[] L16-Ra4
] L12-Ra4
B Ls-r4
B 4-re

c@wﬁiﬂ-

Sparsi¥y=0.98
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Benchmarking SpMM and SDDMM

3.0 V=2 . 2.8 V=4 : ';.i V=8 - ,.;:.i : ““ — CUBLAS (fp16)
. N=128 e . Nt N=128 I TR 1 N=128 oI | HIE _
2.5 e . I o " . ot S B H L 4 Bl CuBLAS (int8)
_:: ..:' ot : _,;: _.:' T :' . . ol " R -vectorSparse (fp1€
Q_ZO' :.l H . 02 R . . .e O;E: o ® . -CUSF’ARSE (fp16)
=] s . H * - 1 14 ]
@ 1.5- ¢ :" J ;-- oo O . 2.43x é il: $= o . 2.38x ‘ B CuSPARSE (int8)
%1 0 | 1% { . (1] N ! || ! UL (medlan) ' L1 [] = g { (median) i . 1.34)( -Magicube (L16-R8)
=t I i TN ' . ) . I "".e (median) g Magicuve (L8-R8)
0.5- ;x ; . “ - — *I * . + * " E= Magicube (L8-R4)
0.0- i ]l 1§ i i I i : . : E Magicube (L4-R4)
05 07 08 09 095 0098 05 07 08 09 095 0098 05 07 08 09 095 0098

SpMM on A100 GPU using 1,536 sparse matrices

——CUBLAS (fp16)

Bl cuBLAS (int8)

- vectorSparse (fp16)
EH Magicube (L16-R1€
ES Magicube (L8-R8)

(median) = L . E3 Magicube (L4-R4)
[ ] F [ ] . . 1.56)(
. * (median)
05 07 08 09 095 098 05 07 08 09 095 098 05 07 08 09 095 098

SDDMM on A100 GPU using 1,536 sparse matrices
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End-to-end sparse Transformer inference

[ ]Pytorch (cuDNN, fp16) [ |vectorSparse (fp16) [ |Magicube (16b-8b)

Attention(Q, K, V') = softmax (
[ ] Magicube (8b-8b) [ Magicube (8b-4b) [ Magicube (4b-4b)

QK" & M) -
e

Attention score

sparsity =0.9 sparsity = 0.9 [T
- seq_len=4096 [T 60- seq_len = 8192
num_heads =4 1.55x num_heads = 4 1.68x

~20
0
Quantize Quantize Quantize £
v v v > 40-
Q (int8) K (int8) V (int8) & 10-
\ v ki 20- -
| Kerngl 8
- usio 0- 0-
Dequantize : r I7 batchsize=2 batchsizel=8 . batchsize=2 batchsize=8
. ower is better
L er_ne| sparsity = 0.95 60 sparsity = 0.95
= usion —~20- seq_len=4096 [ " seq_len=8192
Quantize . 2 0 num_heads = 4 _ 1 1.80x num heads = 4 T
yic v *-; ‘ 40- 1.57x
fusion D ti % 20-
Self-attention €quantize - D] ‘ |:| =
Qo
0 0 . 0- 0-
QuantIZEd SEIf attentlon Wlth batchsize=2 batchsize=8 batchsize=2 batchsize=8

sparse attention mask Latency of end-to-end inference of sparse Transformer

25
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End-to-end sparse Transformer inference

dense

sparsity=0.9

PyTorch

PyTorch vectorSparse Magicube Magicube Magicube

(cuDNN, tp32) (cuDNN, fpl0) (fp16) (16b-8b)  (8b-8b)  (8b-4b)

57.36%

57.50% 57.14% 57.32% @ 57.11%  56.79%

Test accuracy of text classification using sparse Transformer

with num_heads=4 and seq_len=4,096
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1. Challenges 2. SR-BCRS format
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3. SpoMM in Magicube

ETH:ziirich » ETH ziirich » ETH ziirich
Challenges SR-BCRS sparse matrix format SpMM in Magicube
(1) How to achieve practical speedup in a large range 30- L ety amousmRsE gne) N N
of sparsity ratio, e.g., 50% ~ 98%? 25 mcuBLAS(B)  — Expected int8)
. —
20- Row pointers = [0, 4, 7, 13] BS,
%1 5- How to bridge (b) Colu:m indices - (d B _/
5 c ense)
3 § || thevigeap? BCRS 1,3,6,8,0,4,9,1,2,5,7,8,11 E—
@y I | I [1,3,6,8,0,4,9,1,2,5,7,8,11] row-major
L dense vector Columns format B K K| BS,
o] sizeis2l [ Ja] g e[ 18] Values (dense)
00- Sparsityratio (3] b d T l en: .
o5 o7 08 0a o035 o0bs Sparse 7 13 ml J Stride=BS
SBMM with 2x1 block sparsity on A100 tensar cores, s [ T TN 3
using 1,536 sparse matrices from DL domain Matrix BlE = Tolw o Row pointers = [0, 4, 4, 7, 8, 14] _ V=Bs,, !_
(2) How to efficiently support sparse workloads with mixed precision (two input matrices with different precision), pir tl lvix Z (c) Column indices = C M BS,
e.2., 8-bit welghts and 4-bit activation? Sparsle ma;nxfn;:th 1-D:|.Iuik non-zeros, sf?:‘anSaRts [1,3,6,80,4,9,%1,2,5,7,8,11, x,x] M (dense)
the length of the 1-D block = 2, 4, or 8 _[alclelg] [Tk[m| |
- (sride-a) Values =[SfSFHR (R SRFRER 1 A |_(dense)
SR-BCRS is more friendly to Tensor Cores K (in SR-BCRS format)
Supparted Tensor FPGA, TF32, biloatls,  FPG4,TF32, biloatls, FPI6, INTS, INTA, INTL P16
Care precisions FP1G,FPS,INTE P16, INTS, INTA, INTL (a) SpMM (b) SpMM in Magicube at thread-block level
Two input matrices must be the same precision

4. SDDMM in Magicube

5. Mixed precision

6. Evaluation

b = = B AP  ETH zlirich ETHzlirich
SDDMM in Magicube Mixed precision End-to-end sparse Transformer inference
N N * @isan 8-bitunsigned integer, b is unsigned 4-bit Attention(@2, K, V) = softmax (Qi‘\;ﬁ ”) v [ Pyiorch (cunhin, p1s) [ vectorsparse p16) [ Mogioube {16b-8b)
a=11101101 (237 in decimal} Attention score [Evegicuse @o-st)  [lMagicuve (soat) Ml Megicube t4b-a)
Bsk *SPIit sparsiy =09 g0 PY=09
K N : ‘ i e T P mmiee 1T gy
(dense) |_¢| (col-major) 1110 1101 Quantize Quantize Quantize E o S5 o
! K \ K BS, unsigned *w.s.g.m H Qine) K (ints) Viints) gw,
Recover 5 20-
L
] ] PR, -2 I . (T | (o 8
B[R a*b=2""aru "btam b mmn i D W
M H B m ernel sparsiy 095 oo Somany =085
S * aisan 8-bit signed integer, b is signed 4-bit Quantize vsian E?ﬂ' solon =428 7] 150 ambn 8162
- - ' 80X
=l a =11101101 (-19 in decimal) smmam: o 4 a0 1.57x
H “EE C, Fumm‘{ &0 |
| | | P ‘S;;I}li +2 *__1ﬁli H [Self-attention Dequantize 3 0 §
110 1101 TLIIT ) . . L - 1 S| |
C (Sparse) C (Sparse) signed  unsigned (a) Emulation of A (s-bit) * B (4-bit] using 4-bit mma Quantized self-attention ":"th batchéize=2  balchiize=8 iz takriames
sparse attention mas .
(a) SDDMM (b) SDDMM in Magicube at thread-block level P Latency of end-to-end inference of sparse Transformer

=2~

https://zenodo.org/record/6924338 @ @ @
https://github.com/Shigangli/Magicube
27



