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Abstract:  This paper addresses an approach that uses GPU (graphic processing unit)-based processing
architecture model and its parallel algorithm for high-dimensional data streams over the irregular streams in order to
satisfy the real-time requirement under the resource-constraints. This six layers model combines the GPU high
wide-band property of data processing with analysis data stream in a sliding window. Next, canonical correlation
analysis is carried out between two high-dimensional data streams, by a data cube pattern, and a
dimensionality-reduction method in this framework based on compute unified device architecture (CUDA). The
theoretical analysis and experimental results show that the parallel processing method can detect correlations on
high dimension data streams, online, accurately in the synchronous sliding window mode. According to the pure
CPU method, this technique has significant speed advantage and conducts the real-time requirement of high-
dimensional data stream very well. It provides a common strategy for the applied field of data stream mining.

Key words:  graphic processing unit (GPU); high-dimensional data stream; canonical correlation; compute

unified device architecture; dimensionality-reduction technique
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Fig.7 Parallel incremental sub-algorithm analysis diagram
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_syncthreads();

temp[poutxn+thid]=temp[pinxn+thid];

if (thid>=offset)
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}
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Step 5. g_odata[thid]=temp[poutxn+thid];
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Step 1.  SharedMemory(T) smem;
Step 2. T *sdata=smem.getPointer();
R E LR T
Step 3. unsigned int tid=threadldx.x;
unsigned int i=blockldx.x*blockDim.x+threadldx.x;
Step 4. sdata[tid]=g_idata[i];
_syncthreads();
IHE LS A A s AT IH A
Step 5. for (unsigned int s=1; s<blockDim.x; s*=2)
{
if ((tid %(2*s))==0) {
sdata[tid]+=sdata[tid+s];
}
_syncthreads();
1% block 175 45 R 5 [l 4 R 47 i
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Step 7. end;
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Fig.8 Thread level
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T s(s<n) 4 (1) 2l S A% ) vp ORI 58 8] PR AH X B
NS 45 4 A R AR AR
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EET UL B AT 4 I T B T
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Step 1.
Step 2.
Step 3.
Step 4.
Step 5.
Step 6.
Step 7.

Step 8.
Step 9.

Step 10.

Step 11.

Step 12.
Step 13.
Step 14.
Step 15.

int k=0, r=0; /i & KA BT H5 B

for (int i=0; i<p; i++)

CUDA_SAFE_CALL “EfliAT 0~1 Z [ I REHLEL G; If P4 1% % $X random_kernel
Bl p N E AR T «|CO 3 /| CIE JF BT LU FIE 5

if (G <allCYIE/ICIE)

then DW=COJFAF 4 /LA | DIE= DI +C© /| D HI#IE N O

if (k<s) then JBH for 15 %,

end for

for (j=0; j<p; j++) begin

CUDA_SAFE_CALL)AE AT 0~1 Z [Hl IBEHLEL G; 1 P 4% 8 34 random_kernel
IS p MR AR BFAT I D I 11 DI JF HAEAT LA FIE S

if (G < 211Dy /1 D1 )

then W=Dy

if (k<s) then B for 73K,

end for

#4551 W A2 . 3) global memory

Ferp A GPU HA A b Bt B ARSI 53 ML HEAT g 2 U .

Step 1.
Step 2.
Step 3.

Step 4.
Step 5.

Step 6.
Step 7.
Step 8.
Step 9.

BB BN LT

atomicExch(&next,seed);

[ e~

unsigned int tid=threadldx.x;

unsigned int tid_in_block=threadldx.x+threadldx.y*blockDim.x;
unsigned int tid_in_grid_x=blockDim.x*blockldx.x+threadldx.x;
unsigned int tid_in_grid_y=blockDim.y*blockldx.y+threadldx.y;
unsigned int tid_in_grid=tid_in_grid_y*blockDim.x*gridDim.x+tid_in_grid_x;
I SRR e P4 5

unsigned int temp=(next+tid+tid_in_grid)*1103515245+tid_in_block;
atomicExch(&next,temp);

1R LR 2 1 5 =X
temp=((next*314159629)+453806245)%(int)(powf(2.0,31));
atomicExch(&next,temp);

atomicAdd(&next,12345);

unsigned int result=(unsigned int)(next/65536)%32768;
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Step 10. return (57434*tid+tid_in_grid*145133+result*9837+tid_in_block*545346)%32768;
TR R, 75 GPU b A B 2 N(O, L) 20 A 11 Bl AL 250 2 8% ) B R B C IR 871 SRAE e B SRATE A BE W S 5 B C
1E Froenius Y& 802 2 4T f 3 ALLAIE FE e
3.3.6  RFAFEAE LA SRFAE ) 2 1R U1 5
FEVSL CCA R FH B BR 2 v 5. D51k 25 A0 408 7 A G 20 (B 76 41 170 B 30) 81035 1 B[] 1) o 2 e, 4 e I B
B TR UE S CCAAERTE — Al UL FE SRR B I 21,75 CCA 2 J5 I W B A8 4k 04 3 8 0 LA
S T A CCA L AR R
X
PR Z ty 155 CCA LI B AG) %R Ey} 0 G A M Z ty SIS Z0 t 2 1) AG) P S0, 155 B M:
i)
o W G=M, N2 /TFEA BRI & B B AE t At Z M AN BT 75 CCA,;
o IR G<M,UFHTH5L CCA.
XA, BIE G IRt T 7 iR AT e
11 z=m B AT 0 080 20, 1 T2l 7 B 2 A o B G 7 0B T B g Ay S 2
ISR Z A MRS AR, ) G 24 55 S Ag+ A ..+ A) A R T S5 A 20 A1 DA K% 8 A0F 1) et 2 S 55 R I
(1, A R LR AT A R T R X B A

FEAS LA SR P W R A AR A8 1) PR AR SRR W R AR AR 7 A S A PR iR 88, 2 SR — AN A A e 3
ABARFAE B R VF 22 6 0 HT 2 PR AR AR 1) B ARERAE AT K A SR A 5% 1) 8 5K Bl 1 2% 1) v B iR ) 2 PR AR 5K

4 FTHERRSH

AL H AR T8 T A B 24 s i 4 B0 L 1) S IR AL BERE g, S B GMSCCA SHIE R4l CPU JiCA iy 4k
HOHE SRR G 23 B Sk, T 4 R TR A B EE e B SR Matlab AR ) . EREBEALAE MG 1 000
T Bl (0 Bt S A D b5 A8 AT mb S B RS AL R RE A (1 B0 4R 1 S 6 P B Tk 3 A3 AN ) AR G

JE BORAE XY HEAT IR
B Ak
(1) LRtk Ed4E DS AN B T E B T4 5, 28 05 B N #F 1IE A 404 N(L10,10) [\ A, I 2245 2 KT 0.5
A 9E R 3L

(2) EIA B DS B RS AR 5 A 7 S0 s, 70 A R A AR AR B AR O, F T i B R AU TR,
F5ETOIETRUE FEAH IC R B RN, B S BRI DL R .
TR IR B AR H5 B ) WA, 3 Y A 35 1 CPU AT GPULIX B IR 4 4% Intel i7 920 CPU Fi1 Tesla C1060
H) GPU, 4 S50 L3R 1.
Table 1 Test environment
F 1 WG

CPU GPU BATI
GDDR3 4GB, 30SM, 8SPs/SM,
16 384 registers/SM,

Max. 1 024 threads/SM, Fedora Linux 10, CUDA 3.0
16KB shared memory per SM,
64KB const./text. memory

Intel i7 Quad CPU 920 2.66GHz,
4MB L2, DDR3 1 033MHz 8GB

LI 1. GMSCCA 5 CPU F I i 4 £l ot vt S BUAH OGP 43 Bt 5323847 ] 1] FA % B

BB N K I B A7 25 ) n] LAZS 40 7 O Hp g (R oc 4, B 10 W B oR T 7 p=256,q=512,n=2048,6=1.2,a=1.1
AT F,CPU 4T GPU FFAT AL Wi Al 5745 DSy $di 45 b4 0 21 - 340 e B I i) 1) BL 2.

R B 25 H T RN B9AT (F0) B s SIS AT I TR B 5 00, s 6 . 17 AN [R) BT ABURS i 2 8 (£=0.5,6=0.4,
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£=0.3). 211 % W.,GMSCCA SiEM K AR T 1247 I 1/],CPU HE AT VL HIIZ AT I /] /& GPU JRATHIEH) 36 fi5 A2
AT U AT AT RO R T v A B U S e Sk 1) S I A S N T R B SR B I BN e SR T 128
It HSH KT 0.5 B C AT RAEA & L.

140 —
120 CPU
]
— 100
@ EGPU
E 80 —
2 60
F a0
20
L .
32 128 200

Rows (columns)

Fig.10 Comparison to linear data set DS, with noise

10 FEAf AT IR I LM U 4R DS, ¥ E A

KW 2. AEECR R B B A n (AR AT I ADURG FE R

T A SO ) IFAT SR BB T AN S MR, DT ab 5040 4 98 7 ) AF DG P LA B e 1 B0l 200 1 ks T v
Rk e 48 G BB IR SY IR . 1 SE4E p=102,q=102,5=1.2,6=0.14,n={204,408,816,1632,3264} ] 5 {1: ¥ ¥l i% 4T
T3 VRV AN R B s 4R (A 2 R BT AURS FE ST s i DK n (998 RINK S Rl 11 FroR, DS, A R AL
T ACURG 2 55 ey ;DSW 52 L HE — A DU S SIAH DG A D% R S A BN B v 2 A b AN [R] R 080 4 1) SF 38 30 ARG
FEORFELE 0.88 Ze Ay, M e e 1 H. R 47, REA% 6 A2 K 22 BOH0H A IR 42 40 1Y .

\ 0.890 Effects of n
2 0.885 e
[S]
2 < 0.880
© O /
; % 0.875 / / —— Noisy linear sets
< E 0.870 7 —=— Real weather sets
‘% © 0.865 /-
& 0.860}4
& 0855
0 2000 4000

Length of sliding W

Fig.11 Impact of change about length of sliding window on the approximation accuracy
11 W3S I IR AR A 0 I ABIOKE 5 £ 5% i)

P S8 425 SRR 0, SR A B R B T ORI n R 2B AR A T A S 5 A 1 R A R A AR A, T
YR TAEA JC AL 1 24 ] 18] 28 Akt 3 A B S n FR AR Ak L 5 i M R A ) S A A, e A 2 B R T S
ANKIXFAUE W T GMSCCA S 06) A5 A 0 21 Ak 21 ) sy TR) AR 2, 5 2 116 K/ n I8 26, 38 4 A 318 PR 1) s 4
5 BREFRE

AL N P A B V8 RN 48 T B 3R AT B0 00 37T A e 4 S R U 1 s AR S M A B B e T ST GPU
40 25 4 B 7 A B R TR K7 S MR A4, 9T GPU [ CUDA P& b HEAT 1 B 9208 S0 45 YL 3 1 12 57 v o Ak
BE AT DL 30 5 25 A7, Mo FL AT DAV S0 Y52 IR o0 I PR . RS M s 0 AT e A 0 98 2 T O AR S P, 5 T A
AT ARURE S AN P B 2 1) 97 . ) A B2 ARV mT LAY 150k 132 19 22 A v 4 500 U 2 1) (R0 A S 1k 40 A7 S L
W AT GBS RIS SR RN G L KR A SN IR R A N T B TR L
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(L, 28T GPU JFAT A BEEHR AT 1/O TTHSAR K K 0 A b PH R ) Jon e 26 5 i) 3% 4 Jm A it — 20
TR e PR 73 T ) B, O S0 5 AR o 408 v T A 7 o A 00 348 10 S 6 O AT AR BB R 5
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