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Accelerating parallel reduction and scan primitives on
ReRAM-based architectures

JIN Zhou, DUAN Yiru, YI Enxin, JI Haonan, LIU Weifeng
(College of Information Science and Engineering, China University of Petroleum, Beijing 102249, China)

Abstract; Reduction and scan are two critical primitives in parallel computing. Thus, accelerating reduction and scan shows great
importance. However, the Von Neumann architecture suffers from performance and energy bottlenecks known as “ memory wall” due to the
unavoidable data migration. Recently, NVM (non-volatile memory) such as ReRAM ( resistive random access memory ) , enables in-situ computing
without data movement and its crosshar architecture can perform parallel GEMV ( matrix-vector multiplication) operation naturally in one step.
ReRAM-based architecture has demonstrated great success in many areas, e. g. accelerating machine learning and graph computing applications
etc. Parallel acceleration methods were proposed for reduction and scan primitives on ReRAM-based PIM ( processing in memory) architecture, the
computing process in terms of GEMV and the mapping method on the ReRAM crosshar were focused, and the co-design of software and hardware
was realized to reduce power consumption and improve performance. Compared with GPU, the proposed reduction and scan algorithm achieved
substantial speedup by two orders of magnitude, and the average acceleration ratio can also reach two orders of magnitude. The case of segmentation
can achieve up to five (four on average) orders of magnitude. Meanwhile, the power consumption decreased by 79% .
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_device_half warp_reduce ( half val) {
for (int offset = WARP_SIZE/2; offset >0; offset/ =2)
val + =_shfl_down_sync (OxFFFFFFFFU, val, mask) ;

return val; |

_device_half warp_scan( half val ) |
for(int offset =1; offset < WARP_SIZE; offset * =2)
auto n = _shfl_up_sync(OxFFFFFFFFU, val, mask) ;
if(laneid > = offset)
val + =n;

return val; |

1.2 ReRAM

ReRAM J&—FPgr %k 5 St e , B
o 2 B PO ORGP 2R A i, R LRI
R R — IR R REE M AR L Moo o
77, ReRAM A3 i B2 BTG HL BHORA7A% 155
Horp—Fh s By U2 DA 4 & A2 VR A B AR Rk
M HE R - %K - SR WE 1(a) fir
71N, FH LS R AR, JEC R HEL W L B e e AN, 2 ] 1 4
JRAZ A, TN, ReRAM
TG AT DASEBUAE i BHAS (G PR ) FRBH A (s
R Z IR0, X AR T 2 B F R
A0 A1, HARZE R Z & 1(b) iR o

ReRAM [ crossbar 58 X 451" > 5 Fag ik n] LUK

44 2
L
i IRy 1)
% [HRS(‘0") 2
THHR HLER 2
RESET
EREY
L
(a) ReRAM #j3HE5Hy (b) ReRAM Hi 45
(a) ReRAM physical (b) ReRAM electrical
structure characteristics
El1 ReRAM YyHR&LHY B Ttk
Fig.1 ReRAM physical structure and its

electrical characteristics

SR 52 B 3 hn i B8, o A LT B Ry O 2Ok
O(n*) B JEM GEMV I8N 0(1) B4
iy 7 P B AG R S L[] 3 050 1 ol 28 I 48 S il
LI . ReRAM (1) 58 S5 45 Ky 4n 1] 2
7R B ReRAM BAST 3% 45 3| [a] — AT HYFR N 74K
AR [R]—F PR AL, LR N FERB A, HLI
AAE SRSt o B P (B i A D 4% ReRAM H
TG G, ) & LA R IR 2 A 1% 42 21 A [m]
T ReRAM FAITIL =[] —Ngp AHL IR Vi, AR
BRI S 0 IR B R HL I € A ( Kirchhoff” s
current law, KCL) , i[53/ 13 % ReRAM HAJGH
i 1=V - G, EFFIHF A2 ReRAM BT
AL Z AN RISy GEMV [ — >4

ReRAM (152 SRS Bl Uk BT AT LAA 280 b i

R AR
XTI L SHE B

o == ems
%

A

- -
s
i

DL o
KN

w

EEEEEE CE SRR e

BEE

1
2
1

o
)

i|131:g21'V1:0 52y

/./\‘
{4

£,70 N/ 'Y

N

\/

13:2X2+0X0+3X3>

5=2x1+0x2+3x1 \ n
N
6=2>x3+0x1+3x0 -

EREAR S L P

31

VL=l

1t s

I 1 25 SR DA LA
77 2041 v

Fig. 2

L Fg,v=3s2V
VTS L =13 A

.

7%
g13:3 N/ \’

ADC !
BREBRBFCMOSF R

B2 ffiFH ReRAM f crosshar 32 X [:51) S B T iz B
Implementation of GEMV operation through the ReRAM crossbar




%5 4

U, A5 TP SR RUETE ReRAM 048 O PEREIL AL - 83

MM, b 2 AR MR,
VR 2 I AR IO A I 1) R T, 4 B2 U T AL
RFE AR BRI, 15 9 H 18 5 £ ReRAM | ifE AT
T 0B B R R R 2 S B (B U Y
BRUWGAN 4 7 12 )2 IRL(E) We St B3+ 88 0T, A
F ReRAM K 2R 19 3 47 1 58 00 34534 & U1 45 3%
U ReRAM g FH T 4b B P& 31445 ) 11, 38 1
WA R RS " ) HoR s AL Y Ak i
S )R [ A G5 L 5 B ReRAM (451 vy, 48 w5y 3
BRI, T TR 4R R R E R
U RS 75 7k, ReRAM W] D AR G- b 45 /35 # 22 )
2% PR A T

2 FHTmEFZE

55 GPU %{b1, 73 F ReRAM 7751 — (224
T SR T LRI 551 2
BLASHER 1 IFAT T I A G B A R FI 24
I BB MER) 1047 EAT L S 3 e 20K
PRABEIRZCSE L. TR AC BB M9 L 1 2
LBV AL LB 91 08— 25 347 1) 3 b A1 i
Voo K KT FRAZ LA R LXK
MO THLZ S5 SR A 1507, B2 L8
S B SR 0 W U 5
B E25 00, B LT R S I8 S
5 o e 8 TR 5 3%, S 42 58
e
21 W4

HLL A TR ELUL A A Ak (5 ) B
W 1 e Jr 3, (AL B8 91 2 FLe
F | M FE R RS 1 B A ETRE WL 5 56 B
SLBL BT 1 SO L 16 x 16 T2 LA
G, S 05 PR T 7 RS2 B e 1
GEMY S BLAGHLAT . Yok R EERR
F AL RSB

X, e 0
; ]
x, = 0

(5)

5, B IEBON R R PR L. DXL

16 MBI 16) By 256 HYH A ¥ 5
BT BOLY 3R T Sn &L 3 18T 4 B R
F AP FN I SCA 7k 17 ke S 2L BH 25 157
b AT Ben] g SIMZB g A 1 — 81 L
AA(S) g e i 19 7 5, DA 4 1 iR A
A, B AR AR 2k B A B R I B R 2 BOYL

R(x,,%,-x,)=[11--1]x

—

> . |1

[o%
=
[s)}
=
[s)}

J-L_> 1 Dy | G 'V;y

3  Reductionl6 {3158 )5 =0 (MERFIEAS)

Fig.3 Calculation method of reduction16(in matrix form)

256
A

-+ [16 16 16 | [16 | .-

|
i g
oL

1bitDAC — 21

16 16 16
Z ay Z ay Z A3 | prnmn Z Ls
i=1 i=1 i=1 i

K4  Reductionl6 f3145 J5 X (TZBHAVEZ)

Fig.4 Calculation method of reductionl16 (in crossbar form)

R EER . QX T B EE R 256 M AT 51 4T
2, I 0 2 USRS i 7 S0k et 2= 12 fH
wBES) b 2 B O TR R, I LD
PAFIZGE R B DAL S Aot i) 7 S 242 fH
arfE S b, 54 1 e AR, e — UGE AR A] 3R
PR AL R, A S E 6 s, izl B AL TG 58 i
WYk GEMV 548,

356 [ <
n->1 (a4, //E,EC”",;' A% -> li?;a,‘ 0 0
JL=>1 |a,|a, ' > 1/3ad o 0
n->1 (e fa 772 Ja, 91& o] -« Jo
NS EEAT; Ve
;ad‘;a‘z ‘;am Y a

== ¥

K5 Reduction256 3155 5 X (FEIE )

Fig.5 Calculation method of reduction256 (in matrix form)

A ERIAIEAR TS Z 5 AR T B 2 1



.84 -

e PN

n ﬂ_E ________________
| o e—e——— - %
1— _rLIal .alyz‘\%ﬁ “L%. ..... a0 %
1 * T ‘\%{ azyi‘%' az; ’

&

-1
o

o

1 bit DAC

e
V

s

A e e s

544 4
[ =%
v | .
—p— NN
l%ﬂ_ :Z‘%'i&% o o
1 e
:126‘3‘1 .Eoil% 011% ““““ 0\
SUW R T
—*J—L/E - ; """ :
> B
2.

B 6 Reduction256 B4 7=\ (ILBHARIER)
Fig.6  Calculation method of reduction256(in crossbar form)

ATRAZR/R O 16 50k 256 AR . X HURE 7
75 83X P DL -

1) — Rt 7B B 16 A5 3 51 BEAT L
2 f o4 16 MR B D EABALER,
7 18 8 B, L 16N A1 D 1 S5 ] B, i 3
KN 16 FFEA BALER DR L IF I Se A7t i 7
XG5 1) ReRAM [4:51] ( RV A S —
H 555 BRI Z (] Rl Fa 2 16N) 4535 B 16NV
H R B — HUBE IR LA LON Sy ] B, AR U BB
ZAPE AT — a5 ReRAM (55110, 355 |
— B B R 4R ) R, ) A5 2 44
16N 5y BEAirm A~ i)l o LA 25 2R . DABE IS,
HEMOEN 1 RIS T B Rl 16 ASInR Kk
WS I BLAR FES1 1 —F1, S 42 1 ) AR, 1
P41 BLAT 16 MOLRMMALIR G, X4 1B

520 16 A IUE AR T SR B, R —
YRR WSS BACBH AR MBI 2R i + 147 (i =
16) , fFk-5 4 1 [ AR, )l UG 2145 1 Be Rl

2 ATEERAE R, 5T 16 4 16V KRB
_ L G
e B R
s R
: gg;ﬁ»i

7 Reductionl6N T8 7 X ()

Fig.7 Calculation method of reductionl 6 N(in matrix form)

[ -
! |
[

|
1
[ [ l
| | I
] 1 H
:1—‘);'11%“ ----- : 1—;;-[~!~
| n |9 .[b?ﬁs Ly X ,}b;?/t.
] S E G N 1spfretas
: oLsga Oi% 02% 0\£§ "0_;;,1’12”:." 254
I —* B S o T >——t——1
" s o oi?ﬁ o\éﬂ . o¥ OQ?S
i

Tl s

lor>p—s>—a——a— 0 -
e | o o o\éﬁ = oK o
geepac L0 ] .
| 0O Yo o Yn 3.5
INUGER RN Al S e Y U

I
|
I
I—%Sl |
. Imm}u |
| il
5 1

R i B T T
===k = )_; Z ;l“‘“ gy %;_’ w‘@.:
£, s __*_n_r ZNGEONY BN
e’ e o e s S —oe gy |
0\% . 0‘\%\ oi% o\éﬂ :
B |

0 PR R L
0\?& - o:?ﬂ 02?5 0N :
= 32‘“ | 26 _zs?v_ 56 * 2al :
7 2 %%-) j zzzla ‘:;:1 2 g‘lm‘{wi

8 Reductionl6N [ i1H 77 =0 (IZBHATER)

Fig.8 Calculation method of reduction] 6 N(in crossbar form)



%5 4

U, A5 TP SR RUETE ReRAM 048 O PEREIL AL "85

LI N UGB Fr A g A a3k 2 B
MRo X7 E A B AR SN B B
b8 Bt R AR R B R BRI IR DL

&% 2 ReductionloN BI&E %
Alg.2  Reductionl6N algorithm
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i : Reduction1 6N [t 38 45 5

for j=0 — 16 do
RI6N[0] = Reduction( VI6N;;;[0])
end for
for i =1—N do
for j=0 — 16 do
RI6N;;; + = 1 * Reduction( V16N [i])
end for

end for
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R16 = Reductionl6( V1)
fori=1 — Ndo
V1] =V[i % 256] — V[ (i+1) = 256]
R16_1 = Reductionl6( V1)
for j =0 — 16 do
R16[j] + =1 = RI6_1[j]

end for

end for
R256N = Reduction256( R16)
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BN ARV, EFIHEE N: V. length
W BT RS R
fori=1—-N -1 do

for j=0—-N -1 do

CLiJ[j) =V[k+ +]
end for

end for
fori=1->N-1 do
for j=0—>N-1 do
Culil[jl =cliJ[j] = ULi][j]
LC[il[j] =LLi)[j] = cli][j]
end for
end for
k=0
fori=1—>N-1 do
for j=0—-N -1 do
REJ[GT =LCli][j] = 1[i][j] + CULi][j]
Vik+ +]=R[i][]]
end for

end for
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b FEREERES

k=0

Vi = GetMax( Segment scan( V) )

While(V, ;). length >256 do

Voast + +1) = GetMax (Segment scan( V1))

end while
for i =k—1 do
len =V, ;- length
for j =0—len do
for1=j % len— (j + 1) #* len do
Voalio1g [1] += Voatil [j]
end for
end for
end for
for i =0—V, (o) length do
VIl =V, L]
end for
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Fig. 15  Architecture of ReRAM accelerator
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Tab.2 Performance comparison of the scan algorithm on

GPU and ReRAM architectures
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Fig. 16  Performance comparison of scan algorithm with

variable total length on CPU GPU and ReRAM architectures
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Fig. 17  Performance comparison of reduction
algorithm with variable total length on CPU ,GPU and
ReRAM architectures
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algorithm on GPU and ReRAM architectures 7
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