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Abstract Reduction algorithm has wide application in scientific computing and image processing,and it is one of the
basic algorithms of parallel computing. Hence, it is significant to accelerate reduction algorithm. In order to fully exploit
the capability of GPU for general-purpose computing under heterogeneous processing platform, this paper proposed a
multi-level reduction optimization algorithm including inner-thread reduction, inner-work-group reduction and inter-
work-group reduction. Different from the traditional way of reduction algorithm optimization of putting more emphasis
on inner-work-group reduction, this paper proved that inner-thread reduction is the true bottleneck of reduction algo-
rithm. The experimental results demonstrate that the performance of proposed reduction algorithm has reached
3.91~15.93 and 2. 97~20. 24 times speedup respectively in AMD W8000 and NVIDIA Tesla K20M under different si-
zes of data set,compared with carefully optimized CPU version of OpenCV library. In NVIDIA Tesla K20M, compared
with CUDA version and OpenCL version of OpenCV library, the algorithm has reached 2. 25~5. 97 and 1. 25~1. 75
times speedup respectively. And compared with OpenCL version of OpenCV library in AMD W8000, the algorithm has
reached 1.24~5. 15 times speedup. This work not only realizes high performance of reduction algorithm on GPU plat-
form, but also reaches the portability of performance between different GPU computing platforms.

Keywords Reduction algorithm, GPU, Inner threads reduction,OpenCL
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Input:src(Original data) \DATA_NUM(Length of src)

Serial Reduction

Output: sum(Sum of src array)
1. sum=<-0

2. for i=0 to DATA_NUM do
3. sum <sum—src[i]

4. end for
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Fig. 1 Underlying implementation of GPU reduction algorithm
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Fig. 2 Execution process of GPU reduction algorithm
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BRI A RANEER, A IFAE LA EL Naive Re-
duction Jy BEAl EAT AN A G 2 B,
&3 2 Naive Reduction
Input; sre(Original data) ,1Sum(local memory)
Output:dest(Length is 1)
1. idx_loc<get_local_id(0)
2. 1Size<—get_local_size(0)
3./ /ERBNIFY
4. 1Sum[idx_loc]<sre[idx]
barrier(CLK_LOCAL_MEM_FENCE)

wl

6 //Work-group HH%j

7 for i=1 to ISize step i<1 do

8. testBit<=(i<1) —1

9 if (idx_loc&-testBit) =0 then

10. 1Sum[idx_loc]<-1Sum[idx_loc+i]
11. end if

12. barrier(CLK_LOCAL_MEM_FENCE) ;
13.  end for
14. //work-group [&] 4 £
15. if idx_loc=0 then
16. atom_add(dest,1Sum[0])
17. end if
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1) Global-Stride Kernel

BE— R L4 R 26 R BB (global stride) S & & L AR K
BEHUAIEE global stride 1) 22 A~ 504 CECHE = b 488 N 13 29 kL
BE times #EHD L SR JG X X L HHE HEAT A A AL FE, e S AR A 2
45 ] E ANLF LDS H Y 1Sum B4l B #E47T T — )2 KA work-
group WIHZA DAL, HAWAAS E 3 iR .
#3% 3 Global-Stride Kernel
Input: sre(Original data) ,1Sum(local memory)
Output:dest(Length is 1)
1. idx<—get_global_id(0)

2. idx_loc<get_local_id(0)
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. globalSize<—get_global_size(0)
e %A VEES

. temp<0

A~ W

o

. for i=0 to times
temp<—src[ idx+1i * globalSize ]+ temp

. end for

© o =N o

. ISum[idx_loc]<—temp
10.  barrier(CLK_LOCAL_MEM_FENCE)
11.  //8RJ5 #E4T work-group PWITZ Hl work-group ] I 24
2) Local-Stride Kernel

— M FE LL work-group PR 2 %L (local stride) A 25
KL U EE local stride B9 2 A58 CECE &t /i 4R 9 IR 29 60
BE times #E1)  R J5 X 33X LEBCHE AT A A AL BT, B SR AR A 4
45 /5 AL T LDS H1 8y 1Sum $4H . FF 34T T — )2 KB work-
group WIHZEAL . HAMAS B L 4 FrR .
Hik4

Input:src(Original data) ,1Sum(local memory)

Local-Stride Kernel

Output:dest(Length is 1)

1. idx<get_global_id(0)

. idx_loc<—get_local_id(0)

. globalSize<—get_global_size(0)
s YA =S

. temp<-0

= W Do

wl

. idx<—idx_loc+idx_gro * 1Size * times
. for i=0 to times

if (idx+1i * 1Size) <<data_len

© 0 =N >

temp<—src[ idx+1i % 1Size |+ temp
10.  end if
11. end for
12.  1Sum[idx_loc]<temp
13.  barrier(CLK_LOCAL_MEM_FENCE)
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Fig. 3 Reduction process of Divergence-Free Kernel
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1, #E work-group WIHZY (1 for TEH 1, B 1T LR EU/N T
AT 64, BT LBEIE T [ —4 wavefront I, AT LL4g %
B2 A [R) 2L 48AE L DUAR TR R R

% BB A B E work-group WERZRFEE N 256, ] X for
PEA AT R, XEFEFZEMN R, Y work-group L
PR TAER BB EH KT 64(32,NVIDIA GPU) I, 457 % &
A A Hh R 25

It . 7£ Divergence-Free Kernel A3t [ 35 105 21 J&
Ak I B work-group P I3 25 £ £k 357 MU A Completely-Un-
roll Kernel, H work-group W42y P A5 IN4E 1 5 iR,
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Input:src(Original data) ,1Sum(local memory)
Output:dest(Length is 1)
1.//&BHNIAY
RIS 2 ERRANIEY
. //work-group W 4%
. volatile __
Lif idx_loc<128 then
Idata[ idx_loc] <ldata[ idx_loc+128]
.end if
barrier(CLK_LOCAL_MEM_FENCE) ;
if idx_loc<(64 then
10. ldata[idx_loc] + =Ildata[ idx_loc+64]
11.  ldata[idx_loc] + =ldata[ idx_loc+32]

= W N

local uint * ldata=1Sum;

o ~N o w

©

12. -
13. ldatalidx_loc] + =Ildata[ idx_loc+1]
14. end if
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15.  //Work-group [f] 524
16.  SRHB % 2 ) work-group [A] 154y
3.2.3 work-group [ )2 £ k4L

25 P Y work-group [8] 5 £y 3 # 7 57 58 W X B —
A~ work-group £ 5% ) T A% B 04 Jmy B T 24 45 LAY B0 2 B
P i 283 1 R AR BUHG SE i T 9 245 5 . work-group [B] H 2y 3
A 3R DR ITA work-group 15 2| ) /B IH A 45 R T A
{7 F global memory P [ Il A B2 . 4% J5 B T8 8 81 24 ker-
nel, AT IHIH A4, EEB B mA WAL LA, K, b
FJa 3l kernel j& — > T4 FE BT (9 VR, B b AS B WU H
2) 44 JR)FB I 24 45 LI AR Rl A% CPU NAE . 7E CPU i
58 U G P A 293 (R b TR i M R E &0t PCTE &
2 AR w FE IS, B IX R U TR E 2 BRI JT B 1 work-
group L H . )RR FEAERBRA K HAS R, X2
AR SCR U T

ARSI T LS = )2 1) work-group [A] I3 25 % M 7 T
BRI FEE A A DA SCTR IR TN AL,
T R KW TF IS B work-group B¢ H . T WA T T B kAT
work-group [B]IF 29 1Y J5 &8 U9 29 45 SR i Bt 2) BRI B
work-group 8 H# £ . A4 GPU H #ij /Y I8 J& AL 1 1 8 4% [7)
B} 4T work-group [0 V9 24, # F IR F 5 /E 19 work-group %X
1 KAE R CU 9S4, [T, B R i 28 work-group
TE B 2 PUAT I 25 A7 7 — 52 1 I ) [ B, 98 1 Dt 48 1 X 1 g
PR 0 25 BE — A /N o i LA ARDN T B o o A1 Dt 45
YEE 58 I work-group [R]IH 24 7] K K42 T AR LR
3.2.4 Rtk ik

Bt =z A s A SO SR AT LA il AR AR O i

D484 1%

BT 48 A A B (45 SR b B SR U MR W 22 L R R H
AR e M AATE 2 S A A R AL E IR AT A
BARS GPU BFmtEfe . A SCTAEM 8 2 B i fb 2 ik
WA Ol ALz 546 A AR e i MR ik 48 4 Ol I 3fem 45
AR TR 1 FUINTE 4R 4 5 Qi S IR IZ 5 .

2) B clFinishO

ARSI K A A RS A A R BT AT, B
kernel $447 )5 B 75 ¥ clEnqueueReadBuffer ) 4 f & 5 24 45
REE CPU i, A7 7 B X1 7] 20 2 4E  BR JE 7 1 =X
PR clFinish O s B IEAT B 2E . BH 28 pR 20120 9 i, i S dak i
e {1 P BHL 2 R 5
3.3 PCL-Reduction

FeATFRR A L BT 20 GPU JH 2957 15 PCL-Re-
duction, PCL-Reduction R T 3 T stride £ N 19 25 fi
1k .work-group P IH 25t 1k Al work-group 8] 9 2y %5 1 1k 75
L AR R TR,

4 LI MEREITA

4,1 LRIMEEE
4.1.1 BB E
AL B 3k £ S N TR TR B GPU B 0 4 S £

AMD W8000 #1 NVIDIA Tesla K20M, CPU #f 1}l i % &
A Intel Xeon E5-2620 v2, M & 09 £ 2 HE S 40
%1,

*1 EEMGRESH

Table 1 Main performance parameters
_ NVIDIA Tesla Intel Xeon
¥ AMD W8000 K20M E5-2620 v2
£ 4 /MHz 880 706 2100
2 INYEN 1792 2496 6
%/ (GB/s) 176 208 -
HOR5E3% 5/ TFLOPS 3.23 3.52 —

4.1.2 BRHxE

AL GPU I3 25 5 3 R ] OpenCL1. 2 1 CUDA
7.0 YEN I R IR BE, IF B B OpenCV2. 4. 11 H ) CPU fA .
CUDA Mi7& F1 OpenCL R A< (4 15 £ 3K il of 45 (43 5 13 FR A
CPU-Reduction, CUDA-Reduction il OpenCL-Reduction) ff
hPEfE S X4, Hop e CPU BRAS (4% . R T “-03”
HIFIEI ., OpenCV FET 3 AN RAY #AT TR O, 5T
MTEAT AT B A SCE T K 3 EL i iR g

BEAN FEA SRR L S B 2R BN unsigned int; £
TR U B, SR R SR A Y Sy 27 (P T AR R B B
N SR 0 AR R A R AT R ORI I SR D
work-group W FEE H % & M 256,
4.2 RFHEREITRA

T 3 A S R A AR R A PCL-Reduction £ A ] A9 54
PEHAL T 5395 OpenCV Y CPU WA (CPU-Reduction) Fl
GPU i & (CUDA-Reduction #1 OpenCL-Reduction) 3 17 ¥
XS L. ok 8 UE A SC AR A TR (9 5 AL P s Ol i E AMD
W8000 F NVIDIA Tesla K20M B4 A )~ 7 GPU I (i 52
5 R UE A SC T 1B fE S HLE AN W) GPU B8 447 & 18] /9 =
PERE
4.2.1 AT L B2 e et

AR HEAS [R)BCHE BUASE T, LAID 3 b CER AT 03 2 B )/ 9 AT
QR WIS I ¢ e 2 A 1N iR (O NIl OB 3 S 1 e Ll N
OpenCV JE P I7 253K F 574 1) CPU R A (CPU-Reduction) #f
AT PERR AT L A3 H7 G5 AN 8] 4 R .

700 | mmm PCL-Reduction on NVIDIA 2500
600 s PCL-Reduction on AMD
—— NVDIA Tesla K20M 2000
500 [ — AMD W8000
£ 400 500
= ®
e 00 000 &

102 147

ol 216 218 220 922 o2

HHEAAE

Kl 4 PCL-Reduction 5 CPU-Reduction A 8% b
Fig.4 Performance comparison between PCL-Reduction

and CPU-Reduction

MR L 4, B B B/ (/N F 21D I, OpenCV Y B
F1 V3 29 5006 1 7B A AR SO e AR AR R A . X2 TR ol 24 b
BB e TR R R B D F 3 CPU R BEFE 47 R
BT AFAE AR, O BN 2 LL3E 43 A A GPU F & 19 3153 BE
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T b A ] A DD ke BT U AE E A L i GPU SR ¥ = A T
YERL 2, T P 58 £3 % 42 F+. PCL-Reduction JC i 7
NVIDIA GPU i & AMD GPU I, ¥ BUE T K & i 1k BE
., HH . NVIDIA Tesla K20M b {5 i 3 ke Al 3% 2. 97 ~
20. 24, 7€ AMD W8000 I~/ Jin# b Al 3k 3. 91~15. 93,
4.2.2  FHAT0R L H 0k ) 6 A Ak 2Tk

AT LAVA 2 SR EGE AT B[R4 S P BB T 6 A o, 3E— 2B 7
Bifh GPU ¥ & ¥ PCL-Reduction 23 %5 OpenCV J&
CUDA-Reduction fil OpenCL-Reduction #f 17 ¥4 68 X+ Lt 43 #7 »
L) B 4 B % PCL-Reduction ¥ #9188 HE4T VEA

1E NVIDIA Tesla K20M |, CUDA-Reduction, OpenCL-
Reduction Fl PCL-Reduction = # 7 NVIDIA Tesla K20M ##
P& ErytEaean ¥ 5 Fros, 784S [E B 88 A T, PCL-
Reduction B9 £ 88 ¥ . T CUDA-Reduction #1 OpenCL-Re-
duction, # It T* CUDA-Reduction MiAS , L PERE I T 2. 25~
5.97 1%, Ml T OpenCL-Reduction A , HipEREM#E T 1. 25~
1.75 f%.

m CUDA-Reduction ® OpenCL-Reduction

® PCL-Reduction

i [/ s

24 216 218 220 222 2%

BHAH

K5 GPUIHAMELE NVIDIA Tesla K20M I 1 fig 4 Lt
Fig. 5 Performance comparison of GPU reduction algorithm

on NVIDIA Tesla K20M

£ AMD W8000 -, 1 T CUDA-Reduction i ${ 7 % 12
779 CUDA 24519 GPU L, A it A %} OpenCL-Reduction
PR AR PCL-Reduction P # £ AMD W8000 B {3 & LT
THERED L, A5 R AR 6 TR . EAS R B AR, PCL-Re-
duction W% BE ¥ {1t T OpenCL-Reduction & %L, il # ik 3
1.24~5.15,

1400 m OpenCL-Reduction @ PCL-Reduction

ol 916 918 220 922 924

BHEAK

B 6 GPU JH£y% 8 AMD W8000 [k REX [t
Fig. 6 Performance comparison of GPU reduction algorithm

on AMD W8000
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4.3 MEBETEL
4.3.1 &BAEZHKA

HRAE 3. 2.1 WRT LB 1 RPN A 243 72 09 B 4k 53 #r
AR W T 2 R () 1) T A 26 AR P9 1A 2 R B VR R AR B Glo-
bal-Stride Kernel 5 Local-Stride Kernel #E47 ¥ 88 L %5, L F-
M H B PERE2E 5 . (E15 11 = 09 2, Harris 32 3 DL R #54L 72
B B2 AT BUBUA 24, K 8 25 18 DL 4 R SRR B B 4D AT
WA 20, A 2% f BRI AR, 3l i AE AMD W8000 FiI
NVIDIA Tesla K20M [ i#E 47 52 55, 2 J& 75 W1 & (1) 1 B8 FRAE
SIS R E 7 iR,
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300
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Fig. 7 Performance comparison of inner-threads reduction algorithm

on different GPU platforms
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Fig. 8 Performance comparison of inner-work-group reduction

algorithm on different GPU platforms
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Fig. 9 Performance comparison between Global-Stride Kernel

and PCL-Reduction on NVIDIA Tesla K20M
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Fig. 10 Performance comparison between Global-Stride Kernel

and PCL-Reduction on AMD W8000
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