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Abstract In this paper, wepresent the designandimplementationof batched general matrix-matrix multiplication
(GEMM) for deep learning. By analyzing the GEMM implementation of 2D convolution with the feature map
layouts NCHW and NHWC, we show the relationship between the row-major (column-major) layouts of
convolution matrix elements and the feature map layouts. Wedeem that the corresponding matrices of the input
feature maps can be grouped together in a single batched routine to reuse the convolution kernels. We describe a
unified and new API for our batched GEMM, which returns the multiplication of some matrix and several
different matrices and can deal with any feature map in either data layout together. We optimize the block
GEMM algorithm with the trick of matrix transposition and reorder the computing schedule without additional
data rearrangement. Experimental results show that our batched GEMM enhance performance by up t04.80%,
26.57%, 29.27% and25.55% and by 2.37%, 14.37%, 9.89%#= 15.72% in average than the convention GEMM
recalled several times for four kinds of processors, respectively.
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T RAREE, AT AL AL B R R vk — A B AR
TX R A A AT BRATT BRI Ak B A A 3 v mT DL 4T
R D e PR R o e v 1 5 A2 P SRR, DLk B B 4 Y
PEfRE K% . HRYE OpenBLAS it B, AL H
T AR R SRVE I RE S ILA, L 13,
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Jei, A5 Py B s bk 8247 4% T L1Cache 3K
L2Cache P, EIFRATE S-GB4y, —
TR PHT AT, B Pt B
k. # &%) OpenBLAS %4 £ e IfAT kit LAK
Ak R B AR v s LA UGB 25 P oA R K BT
WA 2750, FRATELAE AT/ Packing i
DR UE SR ALY ] B & LR NI 53#) P
K, WK 14, Haiduige, RIERET s
5 B4 1 . B 14 F GEMM_P 2 i1 BAKF 4 ) Cache
1A R EE RS R sE , AT GEMM_Q,GEMM_R — itk
NIZFEE GEMM WS4, XFT a2 1)
NEGHE SR TR IS, (7] I 43 R B2 e vk (1 i HH A R )
WARIE T HESEAE M . 7R N JE I 5 B B i (1 5
BRI R 4G OpenBLAS HISEEL E A [FAERFT (L HHE
PP NFERE sa A sh, AN X4 N\ i H 4B
THERE C e b Ak, 75 25 FEAR I b 3
B B A R P 7 A R 2
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K14 SeRSHEENERER AR E

ME 12 ATCURBL: ansf A2 HERER E bk A
ALl FEFEIR BEE e A RS, fE LA HE
R BRAEAR T, RAFEATOEAT SR
W, BT A2 [ R AR B R 1 H I (S
RIAT o DR v St A B R B e v 1R B2 11 AP [RJFE
& T SR . AT DAL AT Rt

AR AR B SR E P MERE ML 1% IR BEIE T M H K
(1038 FH AR MRl Ve RE, R PR IR 3EF & 1T
HERE
3.2.2 RAUTH PR B e s Bl

BT 11 BRI Rk s, TR
JEE 2 20 B FH B 046 e e B, 2% OpenBLAS )
S , FATA R B 11 07 A5 56 R AL 4
CT=B™*AT K SZHLZ A (1, XA A FI B H
T M E KA N #R—2, XGRS, 28uE
Ryl T Cache MR & B 4F, [A]IIXAE AL EE A
PGS IEAT AR TRIE LB, el 15 fr
N

N=nc-
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& 15 55 AL TR ) GEMM 73 S Bidon 2 I

XTECE 14 FfE 15 AR, X Pt
GEMM (145 eE & — B, 2 Fedti B B 5 P*K
[/ NFEREGN I E BT B DX AE T/ N R I HE T
X BIAF ERFAAT EF. X — XS KK
b A B R B2 e v (1) A TR R R AR LR AT R T I,
PR AT LAAS 25 8 P 43 ) o H X AR — SR
AR RE C ONAT R, HAL G A% 1 1) & A A7 AR Al
FH 3 5 A NAB o BRI G N AZ BB BRIA C
REE R %, FAENA load —ZLIE SR EHRAN
I A 74, JF store [F) P A7 A (E B — L IES:

(I 1a) Hh k2 A
WA
MAANAA =1
AN ‘
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+= nc * ke
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550 QSR R 2 me A& nr RS, ne 2
mr B REEUE L T2 T AR RO [ e L 8 7
X, WIEE merke HERER ke*ne FEFE CT=B™*AT
AR RO LI, XA T DAL R F TR BV 4
%, XANNHE mr A nr SEBR B BT . B
Pl 16.0f L] 16 AT 15, AT 1VE R BI7E S HEF ke*ne
(RFE RE R IR, BRAB I T VRS RAE nr (KM
Ff, ERIX LR EARYE mr (OMEHER s AR
A1 me*ke FE R 150 AR mr (50HE A 2SR
i nr KAMEHER - EHEF IR o TAT 8 7 1)
FEIRA A, XA RIC g N RAZER . X T
WREATH LRSS R, ARG M
BT AR AR R A ELARTE Y, (H R AT VR UL AC
OpenBLAS 12 %I4Ty RENE BT HESE, Rl
LRGN M J7 [ 48 B R, RESRAG AT i THE
PERE.
3.2.3 G HEARPIRFE 5 I AL 3R AR R ek S
B b BRI AR, FATAIAT A — g —
HEZEFRRBATII IR o X IR B 2 ST B AR A 22
FERESfeE,  FLPTANHE R 3 00 B B AN A\ AL
KT AL RO R, FE RN ERIRAS— B, [
AN TPl S A o AN SCAE 5F — B A PR R o ik S
BRI R R AT EFE, P E 2 5E
ME A NERZHERE . HRAE AR &5 AR SEH Ry
B AR BOE A R B VB AL S
FrHEB BRI o AL 2L ey A HFAE B ) HE 21
B —2H /R R, ANEERE AT DL A AT DR AT
7, Xt layoutAfi]={Rowmajor, Colmajor}, &4~
ANFERE R pli]*k, BkP A2 IdAfi]. C F1 A 1%
BLRALL . 7 HE BN L 27 > V1| S 5 S PR e e v
sgemm, FRATZE A0 BRI T, R ECE 11 A
W 2.
cblas_sgemm_dnn_batch(count, *layoutA,layout,

*layout, *transA, transB, *p,

n, k,*alpha, **A, *IdA,*B,
1dB, *beta, **C, *1dC)
AR B8 — HE SR FRIVR JEE 2 ST SHL AL BERE %
PV HA W R
1. WANFFRTHERA B CRA R E k. Bl
Vi NBHER AT AANEESE, Im2Col# A4 i) HE R
ATLARA AN E bk, 7 {8 Im2Col i £ 2%
SEPARAL, FTFEAFINUMAREE, SREEE =
[ ) Ef A
2. WNEFTHERA HOAA TR Rin)

PLEE —NTHERE AT 27, 58 AT &5
FF, W2 R LUENCHWAHINHWC
BB — ks Lk, (35 N BRI
HARA AR R

3. R TR DR BERAA HE A A B

A LR AENCHWIE S NHWCHS 2, 7] DLIRE 4
Z RN N R B FIR, ARSCEEN]
DUEEALRRAE B A7 s 2, s NRRIE
NCHW#E X, ] FH A SC [ttt Ak 38 o 3fe 2 mT DA
g HHNHWCH 20 fr i R AE

4. KSR RERE AT HOT LA — B (HRE LA

— 2, W U B B T BURANANTE
AT DA [ IS0 AS (R ROBE R (0 B B AR R A
HR BRI RN ESR—EU

R 2 RBIEORAA

et LR TN VI 30
count int In TR
layoutA  int[count] In {7¥FrF, F1EF}
layoutB int In {UTEF, WEF}
layoutC int[count] In UrFEF, FIEF}
transA  int[count] In {5, FEEY
transB int In {i%E, AEEY
p int[count] In NI T HEREATHL
n int In A NG SRR 51 £
k int In A N e SR RE 51 H
alpha float[count]  In ZH
A float[count]  In T SRR
IdA int[count] In Fr e FHEREBk D
B float In AIFERE SR
IdB Int In A RAT Bk 2P
beta float[count] In S
c float[count]  In/Out R AR B
ldC int[count] In it TR R B

N=nc

B ke K

[T

—kc—

17 Gi—HESLF HEAL BRI GEMM 7 SR 51275 = 1R

275 — HE R L Ak PR 5B B e v 1) o B BV an
170N, HatHERfERE LEL8, 5E13FE 15
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LRI, HAZ I Gait B AR AR AL .
RHIRAL LE T THW%%%M&?%T
RER1ZAe — BN, ARSI T4 D E
SEERERIL . WELBHIRITT HRAET R, Bk
BB EHE T, ARIECLAA FeBIHEF 7 304
NPUZE, SR 5 R — IS SRR 7 S B AR 5 HE
T, ERARREM TR ER A, %
=300 g A % R 3. Bk R S A8 IR .
FEROWE R M CLII VAT /7 Case3 M Cased i %, B
HEHERE FE ysa, ALK EHER RS Aysb, 5jCasel
FiCase2 & DL IELFAH I, XA FERP M 3.2. 2511
e — B IR R SEELE TG, (645 s T I 4
Kernel BUA% 48— ymrenr, &85 1 A AZ AR A B HE R
HIESIR, FBRRT BRI . K19
IR T E 18+ Case3 I 5 — R HAE NI T, JBIR
SR BRI S e AR A e ) F A R
FEHESLHUA RV gn NAZ I, TV g A% BRI
AR B P o 5 BRI (1) P sa f L B A
Wesa 1 — MR F P 2 B0 DX, AAE 4k £
JEESIL T E, W2 Clil=sb*sa|C[i]"=sa *sb " 1]
AR,

‘ {A[i],C[i],Bli=1--count}

MAElayoutCli] fllayoutB4r2

‘ Casel: {A[i], C[i], B|layoutC[i]==ColMajor, layoutB=ColMa jor} ‘

‘ Case2: {Al[i], C[i], B|layoutC[i]==ColMajor, layoutB=RowMa jor} ‘

‘ Case3: {A[i], C[i], Bl layoutC[i]==RowMa jor, layoutB=ColMa jor} ‘

‘ Case4: {A[i], C[i], B layoutC[i]==RowMajor, layoutB=RowMa jor} ‘

layoutA[i]==ColMajor }—b{ba Tcopy_mr
‘ Casel HSb Ncopy nr

layoutA[i]==RowMa jor }—b{ba Ncopy_mr

|

< |
layoutA[i]==ColMajor }—b{ba Tcopy I mi‘

‘ Case2 HSb Tcopy nr

|

|

|

|

|

layoutA[i]==RowMa jor }—b{ba Ncopy_ mr

layoutA[i]= COlMiJOF}—»{Sb Tcopy nr

‘ Case3 Hscl Ncopy_mr
layoutA[i]==Row! M'iJOI‘}—»{Sb Ncopy nr

layoutA[i]= ColMaJor}—b{Sb Tcopy nr

‘ Case4 Hﬁa Tcopy_mr
layoutA[i]==RowMa jor }—b{ Sb:Ncopy nr

Ali]

‘ saksb: kcrncl _mrinr ‘

K18 G—HEZE FHEALFLAY GEMM SRy fE

2t — HEZE AL AL 2 1) 56 B 3fe v 11 IR 4T SE I 72
o, BURAEEANRFE S FL T E S I ) i P R
THBERE ] R uE Bt R A R T

13, & 15 sG] 17 (AR RS, fRUEREA S AR AT
%%%%%¥4%ﬁ@%%ﬁAoz%ﬁm5ﬁ@
VR AL G N % b RN 2R FE AL B A PR e i 2 — 3K
[ BEAAR SR 15Kk OpenBLAS H 4 1) AT HEZE

it

K 19Cased H 55 S5 25451 i 1H
55— B FE Atk Ak T RS o 4 e vk 1 M L
(40 R ) cblas_sgemm_batch 7)), 48 SCHE H )
THI TA) R B2 2 ) b b PR 7 — SeB BRI LAk, (15
LR UG FE 2 2] R B AR TSR AE . IO 74
LS, RN o H AR IR A A — AR AR B RO B

H— HBEBZAAER, AR BRI B LA [F] F
—ﬁ%ﬁﬁofﬁ%%&tTu%mmﬁ%mmﬁ
FRESfeE, FEREAR BT DU R JO f o e AT OGS
FFERE ISR, X SRR SRR R N AR R sl 2 1]
BASEEEE, R TFBOER, "R N
O AR SO R SE I
cblas_sgemm_batch(group_count,*group_sizes,layout
*transA, *transB, *m, *n, *k, *alpha,
**arrayA, *IdA, **arrayB, *IdB, *beta,
**arrayC, *1dC,*info )

[ Ji 4R BOKE AR B e 5 AH BB Cn R T HY
cblas_sgemm Ffi7R), ASCT7 0] LU RS 2 0 H
G ARG LRI AR, B FIAH TR ) B A5 R
AR B AR ST 1R AT AR AR B HEE R 7
XA, BIFT A 5247 E P 37, i
B CLiAT AR AT 327 A8 3 77 AT — Fol
cblas_sgemm (layout,transA, transB, m, n, k, *alpha,
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*arrayA, IdA, *arrayB, 1dB, beta,
*arrayC, 1dC)

4 BIESH

4.1 SMRIME

T ERASCEER A, AR I S
FAE/ CPU 43518 ARM ZEH41¥) ThunderX2 #
FT2000+LA 2 X86 4E#4ff) AMD Ryzen 7 2700x Fll
Intel Xeon Gold 6130, 3t 4 FKAR 55 28 /E NIELE TG .
TS HNZR 3 s A PR A TR S 0L
1ER 4 hEIH . ASCEARTAERT OpenBLAS FFF
AT S B

RIMAFLESH
CPU EH VR CRBCERREED
ThunderX2 2.5GHz 40Gflops
FT2000+ 2.2GHz 17.6GHz
AMD Ryzen 7 2700x ~ 3.7GHz 59.2Gflops
Intel Xeon Gold 6130  2.1GHz 67.2Gflops

T4 OWARAERTA

ETiES Gce8.3.0
BOHIF R OpenBLAS-0.3.7
xof b A MKL-20.04, APL-20.03
Hdf ab 3 TR Python3.6.1
REES: SIHERE Mxnet-1.5.0

4.2 Hﬁm)ﬂlh‘t

4.2.1 S5IFUFHATRE I
TEH-F & AR AR STHRE 1R T 1) R 2 2 1)
AL B BARE P A TR O VE RS, FERIOE PR 5 A
BRE AR PR SRR EE . 120, 1210 I 22 A
23 3 HIEIR T 4 3076 EREE Y RENR S R . L
B AR R AR ST H Ak L B R R
AR EE R, 7 HAR R AG IR U FH 5 06 B A 5
J R e AR 4 T o AR e 1) PR P e B e vk
N OpenBLAS FFJE {415 BAR IR T & Af 5 35
VCHC (2R SR BRI A RS HORI N . x SRRt
WNAEFESE N 8 # 256, y /R T4 FE R E
m=n=k M 40 F| 1280, z fliF/"PERE. MIRAIAERE
iR MK 18 wh Casel (55 —2KMK ., BIATAT (I4E
FE A[i],C[i1F1 B HFEES RS T . HHT a6 5k B
JEFE K BEALEE Casel 28— 2RHE AN Cased 28 —

KGO, PrUAIAMLAIH T Casel HIEE SLIG 1L

REXT ELZE IR .
‘ ‘ | 1280
640

i

160
8 16 16 32 32 64 64 128 128 256 256
COUNT

40
35
30
25
20
15
10

5

0

GFLOPS

K 20ThunderX2 ~F- & fiREafe ik 1 fe ot Lh S is

i

8 16 16 32 32 64 64 128 128 256 256

N
(=}

GFLOPS
= o
o (S

COUNT

21FT-2000+F & 45 [ afe v ML R X bL S 36

H

8 16 16 32 32 64 64 128 128 256 256

COUNT

P 22AMD Ryzen 7 2700x T~ &5 R B 3fei: 14 g xof b 5z ie

i

8 16 16 32 32 64 64 128 128 256 256
COUNT

K 23Intel XeonGold 6130 ~F & 45 4 3k 14 e X Eb 5236

70
60
50
40
30
20
10

0

GFLOPS
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M TEPY B AT LA Y SR b b AL T Bk B AR
ik 3R ¥ 1 1 P X T TR U P 5 4 B S R o o
FAE TR, HEANAMERA AR W
(I 3 FRAT TR FH R 2R R0 B X T, 3 S ) 2672
RS IE BT R Bl o T B A (1 21X PY AT B
G K2 F—EHT OpenBLAS BE L, H
Sef AT Kernel WAZIL AR ISHRYEA R &
AR . IXFEFIMARAIE T TS 18 2 HE AR EE ) 5k
JEFE R eIk I0 2 G A A Y BORS FE R SR vk, W i
JE R T AR B g N A%, 3T T e RIE R
TEERIFEE , YU T AR SRk ok S A R
AT E .

AT G — HEZL L AL BRAE B ey h i) 8 Fh
(LK 18) RIFPEReIR, HaREwER, 6
BATEIR AT TN RIHEAL R R PR R IL I 8 Fhih
SURFAHFEIRC g A %, SRIEAHIE R 73 a4, 3
o EPEREAHIE o W A BT PR A B R R R e
VR FR R FH TR 6 BAORS 5 R R SRV R 1k RE 4R T W
B, ARSOAFEPE G P REAE R T LA kAT
Tt o, @R WER 5 fik.

x5 BRTEMEMEKERST

CPU min max avg
ThunderX2 5.69% 26.57% 14.37%
FT2000+ -12.8 % 4.80% 2.37%
AMD Ryzen 7 2700x 0.70 % 29.27 % 9.89 %

Intel Xeon Gold 6130 2.31% 25.55% 15.72%

M5 FTUER], MT&ATE, WTFEHkEE
FER, AR T R e T
Tt HERB/MEMSRITEREY, EREERE
B, ASCEMMAGIR. AT R,
A DA I FE I 5 T RO o s oL, S Bk
RESAEHRTEI, I8 FH TR /N R AN o 85 RO R R
Fss., XTRE 1280 Hil, G T6 LR
PERERR T AR I A RE T . thsh, £H%F FT2000+
WL &, AR CEVEMERIRTEA AR A, X
BN iZ Al FT2000+% 1 L3cache #1 4 #% L=
L2Cache ffifA REEHRE B UIAEOC . A& =Fit
HOP G, A SCHE A B 4 R S A B =
VETE FT2000+ FO@E Bt 7, 75 BLE PR IR FE A
ko
4.2.2 ACIEHE e P e AR A AR

TR G O R T SR R A Ak B AR R £ =
Ccount) AIHERERE (M=N=K) HIAALIE, A

SCOK Ak A FE BEURE B R FE e vk 1) 1 A 5 0 BA O
iR s B AGE JE JR  ev ()  EAE M BRVE AR B o T
{E, i H T ThunderX2 (114 GE22 4k (1 70 A7 ] 24
Fiome Hodr, x #ERR TR E m=n=k M\ 40 |
1280, y HFR/RNTERELLAE, ASFI5 XS R T KA
FEFERCE 2> N 1,8,16,32,64,128 i 256, MK 24
HETCAE B, MR A IR A A AR UGB Rk
BI040 MR AR 2 R R N RO R R, A 3 EORG
JEE S B TR A A A B B MR REAR AL RECR

14
1.2

1

0.8

0.6

0.4

0.2

0
40 80 160 320 640

1280

m] =8 m16 m32 ©64 =128 m256

& 24ThunderX2 “F- 5 53 R HLAE B count B FIHE % X &
(M=N=K) AL

£ count=1 B, A SCHE H R4 b B SORS FE RE R
FeiL R R SR UG ARG FE AR Pl i, HouT B R 4h
R 24 WA HR. WRIEEE, e =
H MR N %2 — B . ] 24 1 count=1 [T
MEEREEIEFE LT 1, E/NREFEREWE G
I ECAERG /N T 1, 3% BT RR AR S R i S
o, M T/ E BN SR . /E count>32
B, FESANHREREERTHE S, R, Fr
ARAEF/NREERIE RS, PR BON I .

AL, FATERMEE T flE R AR FE A 1 fE
B M, K, N#AT 2000 LA b, ok GEFIDE AR
JiR 46 BN FEH B T PR RE T L —FF . HEFIRAR
J5E IV 3fe v (1) 1 g L 48 A2 BT g s 31 B R 1 e AR
PR, B HCE B RS CL 42 el 72 73 I Cache K7D,
FEAHR A P SR v A AR MELE SL Bl st — iR TR R .
[ A 2R 2 >0 v 8 DR 15 00 R B 8 D9/ R
FERERE, DR bt B RS A P e ik i SO AR K
4.2.3 5T E

Intel FIRMEEAE MKL EL4 528 T AL FE )0
[43fe3%:, ARM F 5 ML 8 #4F ARM Performance Library
(APL) 523 T 2R ThfE . AR SCHE Intel Xeon Gold
6130 _Lxf bt MKL #E47 7 #ff k50 7E FT2000+A
ThunderX2 Xt APL HEAT T H{EHSL5. 7EXIFR
MKL fscier, FRATRA TRM R —FokiR
H cblas_sgemm_pack, KFERE A Fide /e —
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buffer, #XJ5 i 1] cblas_sgemm_compute, =& F| ]
FRRE A RIS [E] (40 FE B 3EATAERE TS0 77 2K, il
N MKL-PACK; 7 —F 21 cblas_sgemm_batch
B, f@id N MKL-BATCH. 7EXtHr APL [f]
seig b, i T HORSR At MKL 28400 pack bR 1,
FATHR KA T sgemm_batch fitAb B g EedE 11, fHiid
N APL-BATCH.

8 8 16 16 32 32 64 64 128 128 256 256
COUNT

& 25MKL-PACK i bt 5256 45 5

WGFLQPS
o o o

N

8 8 16 16 32 32 64 64 128 128 256 256
COUNT

K 26MKL-BATCH i b szig &5 53,

25 FE 26 ol fern 7 AU B B
MKL-PACK £ MKL-BATCH F#y % Eb 1% B It 45 B
27 MK 28 syl fEm T ACH R E RS
APL-BATCH 7£ FT2000+#1 ThunderX2 V- & %} Lt
i Hrp, B FEARRA SR H R AL 2R EORG
FEFE RS RE, A BT AHEARER MKL #U% EPERE

ML 25 FIFE] 26 HR] BAE Y, 6T R RO
JINBRF AR SR H PR A B RORE D R SR VA A R T
MKL HEALEE P A s A B AR5, (HAERERE R
FERORIT TR o X T-AN A RBEMUAR AR FE, MKL
HEXFERMRAL. WE 27 ATLAVER], FEEHMER
FEIAR R, AR SCHE H ()t A B B 5 i e e v o L
A, BkEA BT APL R HEALEE S . M
28 Al W, ASCEEEYS APL b kb3 EEMEREA
2, b, g5a R 21 M 27 AR BN, 7E FT2000+

¥/

V& b APL #UALFRSEHL LA AR 3, iX a2 A
N APL 3 H &% FT2000+fE A4k o [RIRS, 454
20 FipE 28, AT BULE ThunderX2 -4 L, APL
PEiZAe A — SR ILAG, APL AL B SC 30
N T8 AR .

18
N
glz

10 1280

640
320
160
80
40 M=N=K

8 8 16 16 32 32 64 64 128 128 256 256
COUNT

@

oNn A~ O

27FT2000+F & L5 APL-BATCH % Lt Sz

40
3|
1.
20 640
320
10 160
80
M=N=K
0 40

8§ 8 16 16 32 32 64 64 128 128 256 256
COUNT

[ 28ThunderX2 & -5 APL-BACTH X L5256

HHT MKL LA APL #5 2 R, FRA1TCIEH
FH AR BARACEZIN, AE T 7 G R FE 5% 2 Ak
(RN ROBERE B, A H B A B AT TR
BAFIvERe, HAES TSR T, YRt Tkt
4.2.4 B2 ER R 3 550

FEIRFE 2 ) SRR A TR E R
AN, BRI B RVERT, 2= R A
[ A AR B o AN R R I 2 S5 0, R R R
BOREWSAF . FATLET T Lenet. AlexNet,
GoogleNet &5 [ 2% 25 4 iy [m) A& F Hh IR RE RS, IF
BF I e ROSF (R R, IR AR ST H )t Ak 3 o
Fe bk, BEL R ERrERE 29 #. HH, count=64,
“THEAT G -batch” AAER T ASCHE H I i Ad B 5K
FEFE RS R, “ BT G -for” AR TIEM A
FRE BEHE PERIE R, x HIAAER M, N FI K (AR
BUE, y #ERMAYERE. TRLE S, S TREIR
JEE 2 SYRFAE R b /N ROBERE R, A SCHR H R L AL 2R AR

GFLOPS
S
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W afe ik LA 0 U P B RS PR MRSl E A T — E 4R
Tt BRI MR R B, ASCRftt A B L R
—EH

60

50 A
. t b4
40 L 4
&30 A x
20 A §
. 2 o —0 o
e g

(64,50176,9) (20,576,25) (96,12100,49) (500,64,50) (96,3025,121) (500,800,64)

(M,N,K)
& AMD-batch X AMD-for

= FT-for Intel-batch
—%— ThunderX2-batch == ThunderX2-for

@ FT-batch
A— Intel-for

P 29 DU/NTHERT 6 b SR i RS8R 1 2

B2, TRATTRE A SCHR H IRt Ak B o 3 v
2| BARI I Z SN Grrf, BAUEST #2245
HEZE MXNet 15 AR B ECSE LIRS, K A R Y
T ) A 1 PP A0 A 1 P PR o o0 afe v 11 50 5 46
FRCAR SCHE IR At A 3 BN B R RS, TR B R
Im2col SHiEM T HtE A MBS, LIAEH Lenet
W25 5 A I 25 Minist F 580724, 18 SUEA R
Fi\ batch_size K/, 103 T AN 6 I 25 W 25 i)
PIREFD AL BRI i, s5 Rk 6 B,
Mx 2 JR 4G MXNet, Mx-batch 482tk ab ¥
FEREIE ) MXNet.

% 6 FNEIFE TR B A IR TeE 8 MXNet MEEERTEL (28

{iL: images/s)

ThunderX2 FT2000+ AMD-Rzen Intel-Gold
Batch
Mx Mx Mx Mx
Size Mx Mx Mx Mx
batch batch batch batch

16 335 340 225 230 430 590 330 325

32 373 385 252 262 460 620 341 342

64 406 412 272 280 485 650 350 354

128 421 425 280 297 495 653 357 366

256 426 432 290 313 502 656 365 373

M 6 ATLAE B, AHXS T J54A MXNet, FIHZ
ST H ARt AL FE B R o afe ik 2odE MXNet, HLEE
OB INGSEAERA TR e, CHE
AMD ¥ & bRk tERE AW, (BAEHART & b
RIFAR. JMAS NIy IR MXNet
W, AR R IRZE Im2Col BRI BRI 6 A R A Ak
#, Im2Col M#— @R X BAR AT T I, R

E 1 5 B RSB T SRS 2 4R PSR i SGEMM [ 1
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Background

Deep neural networks (DNNs) commonly implement
convolution operator with GEMM-based algorithm. DNN may
require Batched GEMM (general matrix-matrix multiplication)
in convolution layer to reuse the convolution kernels. NVIDIA
and Intel are already providing some optimized Batched BLAS
implementations in CUBLAS and MKL,
However, the original batched GEMM is not very suite to the

respectively.

batched convolution, since DNN only need that one small
matrix multiplies multi-matrices.

This article introduces the unified framework of batched
GEMMwith the mixed row-column major, which computes the
special batched GEMM motivated by DNN’s batched
convolution. The numerical tests show that our batched GEMM
for deep learning run much faster than the original GEMM for

some cases.

The purpose of the project is providing theoretical and
technicalsupport to build the high-performance
numericalalgebra algorithm library. As a basic and common
research, the project will greatly enhance the machine learning
application.
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