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mini-batch NFEEAS B[R] — A~ 18 10 m AN AE,
[y} & BN Zr0fh 455, BN 29 FP & 1
SeItE x| P py RIS 22 oy

My =

in (1)

3=

o} =X =)’ 2)

SRIT P (B FIO7 2206 65 i A (AT —
P ®) (2,) & RISk b B
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CENE W)

F, :727 (10)
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— B IR BRSO IR, T, 2 (9) Al
K (12) IR AE AR AR S 15 B2 5 H 5 AH 28 2 20 47 il
BPIT,

M (12) ~ (15) FATLLE PP 75 B35
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CITEE % 2 BN SR AR 22 (132 BN 76 BP

PATIE R ET— 2 0% RS, TR, T LR
2 % BRI R S — BT RS TR — 2 Y
AR ESE VLS 0 A AT — A SR b B
A S 2R

TF&,BN 219 FP fil BP i B 0] Loy hy 2 4>
R 1 TR BRI S E, ST Y
Hi—)ZHEAT RS VR Hoay HE A A < J5 A B B
552 B h(9) L (12) AL [ —FEA 1 [a] — 1z
B IR EROOC B THIE S AT I 1Y 5 — 2 i
TTRbG A Ry % il 7 2 00 i AR A i AL B
B
2.3 EREREZNRBEAR

F3CHR A ifmap A ofmap 43 B SR FP i fE
—A 2 B A 5 R 5 derr FT oerr 43
SR BP R rh—> 2 By AR 25 (H S R R 2
{8 ;1§ WG (weight gradient generation ) 2 &7~ Il 2k
Hh S ) 4% 1 I T SR BE A AR T €1 .c2
C3 REREBERZ,

(1) Cl1—ReLU—C2

FP i, RelLU 5 C2 @A, {0F C1 _ ofmap £7 I8l
FAh AT EAH ReLU  ofmap 771 i 4h, T4, Re-

LU 21 AR R 0,

BP i, 1T C2 i) WG Z TR E %] ReLU  of-
map, BS54 €1 ofmap M AMERN - I+, e
RelU 5 C2 fl& 4 €2 oerr #HATIRALFEHE €2
oerr x ReLU'(C1 _ofmap) YENRlLGHZ LR 17
B2 A6, 43 C1 i BP B . ReLU bk J5 Ab 28
AT, B €1 ofmap , (BT €2 1y WG i 2
ARG C1 ofmap EF| b, FJ&, RelU K
R ANJIFE R 0,

(2) C1—-BN—C2

FP B, BN 1958 1 20 5 C1 milG , iHE S 500
¥i25 2 a0 C1_ ofmap £ Ak,
I, BN JZEA BN R SNIAT, AN N 0,

BP if,BN %5 1 265 C2 @il G . T WG B
ZHE] BN _ ofmap, THE M HME C1_ ofmap F|
1,25 BN Y5 Q2 @G EME LA C2 1) WG Y
HE. BNWS 2 45 1 fg, 8 C1 i) BP i,
BEA C2 oerr il C1  ofmap $0AT20(12) P EYTTHE,
B CLderr JFHUT CLZMIRAE, T, Cl1 LA
JZRPITER T €2 oerr 1E Jfin AME AN, 38 K A Hif
AEBRZEET €1 ofmap B A I, M4 F BN 245/
BREPATHRT | A5 AN R M

(3) C1—»>BN—ReLU—(2

FP i, BN /955 1 25 C1 e i S 800,
BN (%5 2 65 ReLU 1 €2 — R & N —DHE,
BN %5 2 20l ReLU #BAE Ry il 47 )2 A AL 340 T .
{0 €1 ofmap 7l 5 4F, T2, BN Fl ReLU A
BAMYTIAE, i AMIERR O,

BP i, BN AY%5 1 2555 ReLU F1 €2 Rl &, #4E
FXF €2 oerr BYJEANERIAT, TR (12) . (16) .

<17>¢E@%?¢%BN,ien,ﬁ:

BN ierr=C2 oerr xReLU '(F, x C1 _ofmap + F,)

(19)

B (19)H AR (16) ((17) F, 5EAETTHE 1 BN

%1 2B E, BN W 2 25 C1 G 1HE Cl

B BP B, 2 A €2 oerr Fil C1  ofmap, #0474 =X

(19) 1 A (12) JF 5, R3] C1 _err J5 04T
C1 ZEAE,

C2 W AT E C1 ofmap, T C2 ) WG
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AETEN C1_ ofmap FHF I, TR
RN, Cl A B2 PAT R TR FE 2352 T
Cl _ofmap | F [, #124F BN Ml ReLU 72K T 1 £i%
A MH R AN

(4) C1-BN—Add—ReLU—(C2

1) Cl WFAFR 22 7R 5 2 1% A B BT
)

FP I ,BN 55 1 265 C1 @& BN S5 2 2 5
Add \ReLU JZHI C2 — &G R —181)2, N o
A C1 ofmap 2 BN ofmap, M\ #MEA €1 [RAS
FRZEH R A L 25 R 5 BN ofmap AN,
it ReLU #24E, 58] €2 ifmap 5 #E1T C2 2By #:
o XA BR T EH C1_ ofmap fERI 4N, M
F €2 (1 WG FHEHF €2 ifmap , IR A LF €2
_ifmap WAFEI R AN, B, EIHE C2 A G R, T
BN AN ABEAR M B 0 i B B R 2
_ifmap 772 F A, #1245 F BN, Add \ReLU #2K T 2
f i AMH A DiAr £

BP i K BN AU 1 25 ReLU %22 Add 5 €2
Al A — A2, ERIE N X €2 oerr )5 Ab HHL R
7. F Scut oerr {03 C2 7] —4% 2 He rp§E42 % %
MiR2ZE 75 CQ AT €2 oerr i, 4k T .

BN derr=(C2 oerr +Scut _oerr)

x ReLU '(ReLU _ifmap) (20)

T ¥ BN ierr VRN RGBT 2 0945 5RAF ] 7 41,
FEARSEAT 2 0 BN derr {H#E1T BN 20945 1
#. BN 2 205 CL G TR 32A BN ierr
I CL _ ofmap AT (12) FHYTHA, B C1_derr
JEHAT C1 2RI

HIT C2 B9 WG BT €2 ifmap, T2 C2
AlEH 20 G TG E 25 Scut _ oerr 1 €1 of-
map | [, w70k T 2 5 AR VIE = C1 RS
HZRTAL PR 75 223 €1 ofmap 3| F I,
It , BN ADD \ReLU & 37 >€ 1 3 {54 A8 1 - 4b
Vifist,

2) Cl AR A FER 2 C3—BN3

FP B}, BN3 (955 1 225 €3 filvh ; BN3 (055 2 26
5 BN Z045 2 45 Add \ReLU 1 €2 —i2fil &K —
AHZE AN RO R R AL B B, 5 1) HAd
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6], 6 T8 €2 ofmap £7 181 4, B 20K A AL LA,
C2 ifmap F7 [ 3 4h, [FIAES 1) HAHTE, BN Add,
ReLU 472k 1 2 55 AME I R MU fE

BP B}, % BN (%5 1 4 BN3 #9%% 1 25 ReLU,
W22 Add 5 C2 flE N— A2 #BVE X €2 oerr
M AL EEAT . [RIAE X (20) 315 H BN derr
VERRlG #7 2 W45 SR A2 ] v A6, 9F 23 3R A BN
ierr 04T BN A5 1 251 BN3 (955 1 4, BN 126 2
$5CLEA, BN3 2 25 3 d,

T C2 1y WG B €2 ifmap, TJ2 €2
AT R A PR 245 Scut oerr \C1 ofmap |
€3 ofmap B F I, 42k T 3 fFH AR VIfF i ; C1
Rl BT 2 B R BN T 2205 €1 ofmap B 4 I
C3 Al G R Z BRI AL BN 5 2232 €3 ofmap F| v
|, [Ftk, BN ADD ReLU Bdtifisk 7 5 f5 4 A MM
)R AN
2.4 BOMRMNMIEERNSANRIINERE

FPEEET 2.3 W AR IR REE 1 U
FEBAETUZAE FP Al BP 2 A2 rp B PO A T Bkl B A
13 5 R oAb A B EdE B DL— U 2
1) mini-batch MFEA MY AZHR = A AL, 1.2.1 7
A11.2.2 350388 T ReLU .BN  Add ) FP il BP i3 2
FERIRPATIS 435 2 3 3 f5H13 5 3 5k A fH 1)
HAMR . THOL3 5% T 14 BN Al 1 4> RelU,
KL FP 1 BP 2351 5 %A 8 A A B DT A 5 1
BL(4)-1)AE T 14 BN 14 Add 114> ReLU, A
I FP 1 BP 4350y 8 A% AN 11 A% AME U5 A7 & 5 1%
M(4)2)H5% T 24 BN.1 4> ADD Fi1 1 /> RelU,
(KL FP #LBP 4300 R 11 A5 A 16 %5 A % A ME Vi 77

=)

o

®1 PETRRIEERMNITE

wiﬁfﬁgﬁ (1) (@) (3) ) (4)2)

P N 2 3 5 8 11
Al 0 0 © 2 2

Bp N 3 5 8 11 16
Rl 0 1 1 3 5

MR Fal LA Y a5 A7 3 S T2 0
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Tyt 5 R Ah AR AE BB FE A 2R L4 D
P2 T K B2 )90

F2hgn 1 2.3 WS R IR E
Fr 25 SR A ot B rp BROph A T BRI S AT I o
FHE R AN AR 2 B, DL— D Ui R B AR B R 1Y mini-
batch MEA i ANEHE & 0 B, EBL(L) ~ (3)
W SETHBR T BN ReLU JZ 78 YN 2k i 72 v it F ok
WAFZ R 5 T 0L (4) -1) F(4)-2) | T 278
FP BRI AT AL FEZE JE €2 ifmap 77 1] Mt WG i
LT b A A B R N

x2 BWEEEAESRARINERE

AR A (1)y (@2) 3) H-1) (4)-2)
R AN
YN 1 1 2 3 4
A 0 0 0 1 1

RlE 5 BITRAT 7 SRR ID T U ZRid B R e
SN R A Ak B R e, BE A A 0 T R B RE AR
TE R — et i LT U2k, e N R A AT 2
i Y BIR A Tt A U 2R A Rk sl R L A TR] it

3 AmE ikt

BT FRRG S A SCR T SE L T — T )
ISR N2 | HEAS = R S Fe Rl A58 2 T, R
T A7 RTALBISE SR J5 A B4R S AR 2
IBEBAEITPAT AL R SR i — DR T TRl G
HZMPERE,

3.1 IniESRLEH

K3 R T — N IR a5+, Horfr
SR MR e 5 SR AR LA R T I s A LA 4
B, R EANZ AT . SRR ST M AT N
1) ) b BT ( processing unit, PU) , % F R AT
WRBERMBNITE, A3 BN LEFX
Fbuf In Whuf 1 Fbuf Out,Fbuf In 3% R
BT HE A 4 A(E, Whuf FESRAF TR LA K
B, Fbuf _ Out F2 22 HIRAF AR 2 TH5 1 4
WAL K WG FE 75 1Y ifmap {H ; £ 3 Fbuf  In #0i%
B — N TR Treg, 250 AT BT A PU

PR A ; FH Whuf #8554 8 — N RUH T 174
HE Wreg, 45 %4 1 351 1 i 45 PU $2IEAN(E . &4~ PU
Tl & T 2 AN NI B TT B — A A A A
Ofreg, Ofreg 5 Fbuf ~ Out B #EHMI%E , AR AFHE T
T A (1 (RN e 28 138 B 25 SR DL RAT WG it
FEFHEIN ifmap {6, W —3 P AH4E 2 4> PU E R —
A SR REIA — RINHIT Adder, ISR SEEE 2 4>
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Accelerating memory intensive layer of neural networks with layer fusion

YANG Can, WANG Chongxi, ZHANG Longbing
(State Key Laboratory of Processors, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190)
(Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

Recently, deep neural networks are widely used in various fields. It is necessary to train each neural network
model to get better model parameters for different application scenarios. Thus, the demand for training speed is in-
creasing. However, the existing research usually focuses on the acceleration of computation intensive layers but ig-
nores the acceleration of memory intensive layers. The efficiency of the memory intensive layer is mainly determined
by the memory bandwidth, thus only improving the computation speed has little effect on the layer’ s performance.
From the perspective of execution order, this paper proposes a method of fusing the memory intensive layer and the
computation intensive layer before it or behind it into a new fused layer, and the operation of memory intensive layer
is performed as the pre-processing of the input data or the post-processing of the origin output data in the fused lay-
er. Thus, it reduces the access of the memory intensive layer to off-chip memory greatly during training. Based on
the fusion method, a new accelerator for training is implemented, adopting the optimization strategy to further im-
prove the training performance, including temporarily storing the pre-processing results and concurrently executing
the operations of post-processing and the computation intensive layer. The experimental results show that the per-
formance is improved by 67.7% and 77.6% respectively in the forward propagation stage and backward propaga-
tion stage of training at the cost of 6. 4% increase in area and 10.3% increase in power.

Key words: neural network, training, accelerator, convolutional neural network (CNN ), memory intensive

layer, batch normalization( BN) layer
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