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S AR IR TR SRAS— 1 MU A FE R @ LR, BRI 23 A 2% B o 1) &1 5 B b
S5 BB BAE A L, PRAE R G AT T7 AR TR S . PRI, R 1) o3 A W [R] e v o B 5%
PR 0

AR A R G BRI S . AR AT B8 i 2 AT AT B T A AN A AT T L B
ANEAFPAT B O Z AT BB IR A T M R G ERGEME B~4. 5 46, AR RS
M TEREARAR B 2, AR A AR B AR S AT e 355 ) 2R G 1 Re 1) SR AN 5 LN R AR VR A H bR, PRI, 72
K53 Bbs b, BB 3 S5 B AR 23 A1 2 H AR5y B8l 0 m] DK 2 B ARZR A B 52 H AR
SRR AR O, 5K 22 BOPCRE A X1 43 v, SRR AR 4 RS R A ST B T B I R R T S A SRR
Fo LAE, Wang P01 R 52 B8 S F BIEEEARR) 73 IR R ASE . B T2 3 U P R A 77 V2 B R ol 58 3
RES 18 MEAN R 2T 5 R BR A SN R SRR AL B bR L 2R

FEFR LR RI 3 RN S I, 2 8 TARR AR 53 AT 55 B R s iz il — 24 (control-data
flow graph). TIZESCHR [11,12] HY, Arato fEREPEJZR T 3EA 1 0Re € B AR ZEH), T RZ 1 B3
FeR AT 55 s Ao In) A [, 3 — Al i BARHiaR 1 W RCRE R 23 ie) @ AT 2 3, — 3y AT Bl
Z IR R IR, 3 —2R N5 NP XY i)

FESRVETT T, SRARIRAEAT R 73 10) B3R 86 FH 5005 2203 9 8, RIVRSRA SR A SR A AL SR 5. kG
iff SR A V5 = T2 R K A B /N RIASE (1 SRR A K o 1) R X SRV BB A RURI 08140 2tk g (15,261
Gy SCRR ATk 0T 18] S 20 ) REURUASEIG DRI, A (045 2 2 () AR B0, RS SR A3 AN wI AT, e TiiiE
o Ja R A5 R AL g

FE R A B [ BT B B, R HAL SR R ATk, SRR 4 Rk X070 Tl I PR R
TR 24 BRI 5 7 Y BT o) BT ) R R A 24 SRR 2 i (19200 i R i X7 92 3 Bl i 5 R e
REVE, g Rk D220 g Rk 1220 ORI T 230 BEDLR K g B N LA B
RO N TR R BT AR R R A B8 4 DL X e VA I 4 1929920,

BB A1) 73 b FH B 3 R R URR 2 T T 2R R T 902 i ol R N MOIFATTHE Y
FEE, XL BA N IHATIE. Bk, 18 B SR A] DX $e 550 047 40 DU i) &5 KA.
R HAT SR AR AR R 23 i) R AR, A B TAR RS TR & AT 8% % B3 fn
HATIRERLTREEE B Ho, g8 4 A~ PC AR/ MUEEERE, B4 PC 1) CPU A3%IE 4 Ab3i
e JEE A 174 AP S E TR 3000 mPEREEERE R G, HURTHEIGME Y 2.15 FTACIR/FD. Sk,
SCHR [35] $2 H FH4T BRI 7 45 00 5 AL 1 REOCAG SR AR CRE R . AESKR A A2 P B T 2% CPU JF
AT RN 3 N P TR, (B 2T VRN R 2 AT I SR IFAT B 2 I U, R BE U REANBIE T
TEZ RN T 132 2

AR, BEALEE T (graphical processing unit, GPU) {EAFATIHE B E 2 AR AS 2] 7T
R B~ GPU BA AL IR ARTIFE . MM LR 3. fER—Ir b, GPU AP REZE
t CPU — M EEH. K GPU T Imd B 18] 73 B SR A — MERSR R B )@, 4 H BiAAE &
FRRAEA X1 23 J7 V5, T R A W R VS T BB R A ke 1) 1) R - AN AR R), A6 45 55005 8] B U = 42— 1)
B (28,42,48] 7R Py rp ) R B L LR K BN A A R R SRR A X 43 10 R
k. ML ERAERLNR KA L, 2T R AT BT S R M. AR, 2RSS R IR i R 4
i 10,28, 42~44] - LA (R AR S 2SR AR B R 3 E R FR AT SRR AR SRR SR R o, R R
&Y AR 5T AN SRR IS AT I R], H AR T 18 A RIS DGR K S5 T7 V5, 25 A R B SR A TR AR SRR
B, Proh B I8 S EURIE N T A8 AT I TA] (R Jel/ D T A A 1 e 1) o

PRk, ARSI HEE T GPU I B IR Q0 4 45 A R R R o0 Bk RSO 200G o

979
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55, ARSCHE Y E G N SR 2R S ROR AR AT R 7> S, 3 SRS RS 38 5 A Y R b i,
IR R, R, GPU BRI ATV BE 05 A 538 S K 7L P HE S2 AOI [a) A e . HK, 8 T
fESRAE GPU EmdohitdT, JRIIET GPU MRS EIRIE . Bt 7. LR — IRIEMEMLST U7 A7
G RIVRACHN. fe)n, LI IAIE T TR R

ASCHIHRINT: 28 2 B/ 4P I AR, 28 3 #0 | e/ dide th AR B R AL
GRS IR TSI S A1 s ARG VEHR IR I VA AE GPU b BTN i 1 e A LA R AR A SREmes s 58 4 353 i
Ao SR WA SC AR IO R fiem g A SC AR IS .

2 HEXERIR
2.1 EREEMER 57 o) YiE A iR

WnSCHR [12] P, R0 BOAE 55 PR AT RIS B, B (7 R G F PR RAT, B
BEAEAT. B B RS R Z AT T A7 AR X AR B, SE55EN GV, E). JL,
Vo= {v1,09,..., 0.}, RORFFRITHES TG, A RS PR, BIY R 73 B AT I
FIFER h(v;) MERAFRATI BIFEDE s(v:). B ARGRT 2B IA5 G, 34 BB R R 2 AR R
JE&TAFRBRIN, T Z B 27 BB AR c(vi,v)). $ P = {Vig, Vs} B DEBEIFRI S
Ho, Vig Fon 3o NPT BT R 15 Vs R RI A AT AT Sk & IR, Ve A1 Vs 2235
BV (Vs = @ DU Vi UVs = V. AR, 215 P RIASEESE SN Bp = {(viv;) : vi € Virsv, € Ve
B v € Vs,v; € V)

X7y P R W 3 MEHATEER, MIAEFFES Hp . BAFFEDR Sp, LAEMEFER Cp. X 3 1MHE
P r:

Hp= Y h, (1)
v, €Vl

Sp = Z Si, (2)
v, €EVg

Cp = Z c(v;, v5). (3)
(vi,v;)€EP

WL (1)~(3), K7 FE P Al XanF.

EX1 %EE G, FEWERE s, h, c F1 R > 0. $RE|—MNREEERI 7> P, LA E LR Sp+Cp <
R I, 2RI MRS Hp B/

X5 P HIREAT RO n R @ = {21,202, ..., 2, }. 7E 2; = 1 B, RRTAHRAEAT; 2, =0
I, R L B AE AT, I, W PRI BLR G an T B/ b ]

minz hi(1 —x;),
Pl i=1

=1
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Horp, by FORT AL 0 FIBEIERESE, s FORTT A 0 IEIEARESR, C(x) TR BN RGNIBEAED. 30
b, F PO RESE . BAEAE DR, DLRGEISFE SRS (4)~(6) FTm:

n

Hz) =3 hi(l - ), ()
i=1
= si(w), ()
i=1
Z Z cijlzs — 4. (6)
i=1 j=i—1
W P AR, FRVEA— AN A T AL 2R BT B A 0 T
n n—1 n
Dosi@) + Y Y eylei —al < R (7)

i=1 i=1 j=i—1
2.2 BAMARKRESEINK

EK R P B R IE 0-1 TSR AR ) 8, W &5 [45] 3t — 440 2R 051k, AR TSR [12] 18
Hﬂl’]:éﬁ%‘i??ﬂi BAS T SRR B R BE, A5 AL B AR B EAAS B TR, SR, AR
W AR E. Fk, Quan 55 46 5238 T 5 A BB HEIA; Wang %8 44 $2H T HEUR Hik. &7k
TR AR IEASFES, K P Y EbRAE 0-1 R IR R4S B JEAL AR, 72 RLIEAE b P AR PR @ (5 AR 2 R I
fiti e 75 2039 L LR IR A, TR H I EEAE SRR & HIR— M R 7 EE 2] T8It B, (EEIEfE
HZE SR TABU X REERIVIGE S — Dt ATk, MSEIRE 0K E, 4 i URSECKRT, TABU &
AR AR RN B¢J5, Chen 25 47 BETF Page Rank HyEM FEEAR X HEUR HyE/FEQNGE, 2
i NodeRank ik, f#H# N SR AL S 21600 T LT HEUR A TABU 4543 21 1Al i &

2.3 EARSHRMYEN GPU REHR

2SR IT R K ATTIEH Glover 55 18] S2 . H AT O 2 MR RAR A A RAL i R 25 S48 R
REFE R ASHIR D DA ATREE L, BEALZE B e AR AR e A, JEL = il 4 R 4R B e AR AR VRN T
UOEAR R A, e R — EE A, ER A . R RA R, el Rl ARt
HUIAE 1 R R O IR AL, e 5 FHRRBE B Mg, LA i N R Rie. 554k, 24
AR S BRI H br & BUE LT SR 2= S Ui, 248 s il B el M 4. AR e il
FERRAAIL 1 Bl 58 2 A e (0 £ o 1 3R SR, SCRIL 1 6t SR A Bie DL A 2 AR PSR 3w o), DB b5k
TERRIEAR, 75 EE {5 b W SRE 26 b S5 R AR R W BORS AR ) 7 A2 32 1 2 vk
IBAT B4R E A L

Hl, & AR R K GPU AR R I7ik, (HARIXLE UK 2 8 T RAFIRAT R 157
PRG3R (38391 | YK ZE A i 1400 S i) L O L, 3 6 o) A SRR R O B IR AR RS R AR
SCHR [41] T, VEE ST IR 20 R A TR U B ()t — AR e RT3 12T AR IR S AR
AR LR IR, IF H 22BN IMEIAT. XSRS X5 (3R T5 SR AEA
R ERARR). 5358, %R %5 RE AT AL A AT RIE & 5L
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0 1 2 3
Current solution 0 1 0 1
Candidates
1 0 0 1 1 1 1 1 1 1 0 0
0 0 1 1 0 0 0 0

0 1 1 0

1 SRR
Figure 1 Neighborhood generation

3 XHRE

ACHIZE SR 50K [44] T TABU AR ZAETASTNER M T GPU KA R 458
Fetk, R—MEIE S GPU I £l 7 5k,

5 SRR 2 BRI UG A R SCHR [44] ) HEUR SER 2, 8 FREIEHA AT GPU A
T QR AR B AR A AR o3 SR

3.1 HiENRESMEEYSE

3.1.1 ETESZTRAENBERBEER

FESCHR [44] Hv, <R3 AR fig i At e et B ATL L X 224 T A8e 0 9 o B HEAT AR 2. 0 TR R i
BRI S5, AT AR AT RS [ (. AEAS SO, ARSI 5 A 5519 ml N ok 5% B0 el 70 35 19
AR o, A3 AP I T b 24 AR Y AN B B SR AE R, TR, (R AN — oy =D g
N AR A s

B RERRIE FITAT 1K) 2 B AR A 1) 6 BN AARBLAE PR DT T — D T, AERRUGIEARI, XK 24 1T
fithmgs GPU BIRT, w] DLYT & Rk AR I K B e A B AL 2 GPU sUEMERIT4. 51— Jiim, &
CPU EHATEE A RN 2B SR IR RAT I TA) AT SR 28 53 5 (0 SRR R, =24 el AR RSAR K, 5 P A2
72 BEHLH PR 8 23 SRR HEAT PEAN, TAE GPU b, PP T EZ 2 T CPU. N L&A RN
VB AR % 7 1 I R RN, BT AR IFATIE. e sr KIE GPU BITHERAE ), IF B AEFHREEIR
PRI, A SCROARIERT T AT 2 RS AR AR A5 RERE R, FF PRI T A 4R

3.1.2 ETEESREMWERIEFRESRITE

AEA B, 45 MEIARHS T SURPERE S0 . BEAFEEDE, LRGBS ETE. 25 MW oumrenc, T24HT
ﬁ@xﬁm%ﬁﬁﬁ:ﬁ%ﬁ H(mcurrent)y i‘Fj’\/ﬁ:ﬁ%y‘j S(wcurrent)7 ﬁ{%‘ﬁ%j‘\j C(wcurrent)~ Ei+ﬁ1l%jiﬁﬁﬂgﬁ
eIy, e BRI AL E R o, WX BLFIRE T B @y AR o BOIRZSZRAL, BRI R e i 10 8 1F 6 9
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EHT N

H<wcurrent) - hi; Ty = 17
H(wnew) =
H(mcurrent) +hi, x; =0,

Hor, by RoRT R 0 AR PAT I AR SR, [RIRE, I i R R AR 3% SR

S Zcurrent) T Siy, Ti = 1,
S<$new) = { ( t)

S(wcurrent) -8, x; =0,
Horb, s ORI T AT I BIFE TR

AEIFE AL E RVIRAS I, W RS 5 SARAE T mAL TR R RS, P R AN A A5
P I, BT R 2 AR RS RE . R, AR IIRE A RE 2 R N B 1.

Bx Update of communication cost

Require: Communication cost of current solution C(Zcurren t);
Ensure: Communication cost of new solution C(@new);
C(@new) < C(@curren t);
while adjacent nodes Zdjacent of @; exist do
if 2; = Tadjacent then
C(Znew) < C(Tnew) — ¢(@4, Tadjcent );
else
C(Znew) < C(®new) + (%4, Tadjcent );
end if

end while

i EE R A, PA R RE R SR S Hi AR AL B AT R T RE. T R e g
e BA R, P BRI R R E S IR

3.1.3 ETMEERNTITRERN S ST E

BRCREAJ) 7 T R Y 20 SRR A 10 A, R A SO PR E A5 B0 L R B 9% L BEPFAE 9%, DAL
HAEFED UG, F3 2R A S (7) FIWT R 2 S 2 QRS R WSR2, RS R ik i 2
FIAT A A WD ANRIAT A B T, A S e 40 sk i 4 A 46 ) R O B il J2 20 PR KT R AT A, 0
BTG

EE A, Bom s ol T = ST AR AT 2 BAL SR AN E LR, LI, AR R
WIGEAL 2 R s . BV Sk T AR D 0 A g A S, A5 LFEAE b, B AL ER e P A~ B AR B
W) AR, R ET R AT AR A R 2 AR AR, SRATS IR AN RE H B AL 20 SR e, D PR
HAIIEA, B3 R LR R I AR A E Dy b BRI AR A I SRS ORATE T IR ARTGVEEAT T £ i
38 1 e R AR R 2 (W) RIA B R AR ) 2 FEE Y H 1.

3.1.4 ETWHERIINBESNRTSRERER

FEARI RSl B, 3T P i e L R B e i, 7 2t — D X AR RS AT PR, 12 A
SR TI T, — 77 A B ARSE S v P I SRR R RE 9 SN IR 53— O, R =
(e AR PRV REAFRE B /N T CURN 0 22 SR e DIE AR O RE P 6 BT, U 368 o S5 A0 T O A 7 ok S .
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SR, BRRIMEN ZES MR EREE 2 REERIEE R &R,
MG R, Ak, RS RIS L. AR, PRSI 54 55 H B AR, A
SRR RRINKEBEN o HH, 0 Fon 55 I sAUE. B2 RT MR SO RS,
113 AR b = T A Ta] 42 2o 2 AR 75 A B 2 . b T BAB I Se b o th e b, 93t oxt
Z IS RN A A A

FH A0 AL 240 SR 1 G A 1 5 20 3 [ 28 2 R 17 FOREHRZ R IE 2 R 4E 2. TR B it
X AE S AR HEAT i A AT B AR B, D AR RPN AT (R I MR S R M PSR B R, A AR
REBAARRPITA R AR AR BORAE. WRZRIE M NS B, WES7Roy 1; BI0A 0. ZER0IREs
B RN S AT 5%, BN RNy Xl BRI, TER O A8 SR AT BT
R I AR BT SR, S0E 2 AP AR IR

&% 2 Tabu evaluation

Require: Feasible candidates, tabu list, tabu status table;

Ensure: Optimal candidate;
Initialize the optimal candidate as maximal value;
for all feasible candidates do
if tabu status is true then
if H(xz) < H(Zglobaloptimal) then
Update the optimal candidate by aspiration criteria;
end if
else
if H(x) < H(xoptimal) then
H(@optimat) <= H(x);
end if
end if

end for

2 B A T AT AR A S ELVCA o R R S E T A SO B LARAE — ST AT AT AR S 745 FE N2, 72
FERTAE TR, 1k B R AR AR I AR R R RS BB . TR AR AR AR R 7 A2 5 A T
WOV 28 SRR P e A BRI AT, WRAEAE R 3R rh ) R W% A 2 10 I B AL A8 3 e v I 45
B, LI SR 3R R 2% AR R B AT 0T AR SRR R R Sk T R AT HE— AL, SRS R R A I B
INFFRERRE, e RN, MBEREET RS, R LM RS A R,
i, Bko it AW B R R T O, WA TR O, MRS R L AR SRR R, IR b R
HRERPERERN 0. RIS, HERBAN, FRERRFESESRERPHEEE
N1

TEAS B A AT b 7R I, B RT B B 2 A
WS A R R T & R B A A, S & R i iy

CLERF R 8 ANFER, AF N N UGS R 51,

BV

3.2 ET GPU MBENWMEHEHRZZHR

3.2.1 ERIEZ

454 3.1 ANTRIREE, ACEET GPU [ HIE M AR B4 A S REAMER WK 2 2o, 1
GPU #B7r IS L EAAE 3 NI 58 1 #0 u TH AR b s Lo A (O CRE A AR 3% L B AR RERE, LA
LR R AR GEAT. AR B, 7T LLRE T A I i 2 21 70 Bl s GPU IObR AR g% v, A2 4E F—
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s N

Current solution mn' Optimal solution

Compacting neighborhood

AN~ Candidate 0
Candidate 1

| L1 1]

Tabu evaluation

o> Candidate 2

Blockl | |~

— ]

Candidate

nx(n—l)i
2

1

BlockO | | ~nnr~y

[ I

2 ETF GPU HIEEIES
Figure 2 GPU-based framework of proposed algorithm

A GPU ZAFER B — M. 25 2 #70 3ET GPU b B4R s e 4 ke OR B AR bl R 200K R BT AT
figt; 25 3 R AT AR AOEE B VRAY, B0 3t R 2R B SR A R S LRI AR L) IR R A% 1Bl =
Wi, 7E EHUm SRR R 2R« 2 RERR, BLECHTHTAR IO AR, 4, iz ik i T & R it
fift, LEEFr R R, BE, FiEEANT A

FELE G GPU IR R EE MR BEAT SCBLIN, ARSI 08 75 2 M ELR LA T 5 8.

3.2.2 @[ GPU MESERIA

W 2.1 NPT, 2852 A ECRE R o3 ) RELAOATE 55 O T I FEAESS B o, 3 B R BUE R s 461
RN A RIPAT IS = A KBS FE SR, HOE S #E 2 R T &, itE $H4T (naive implementation)
AEFERR I FTHEL IR ALY O(n?). BRI, W CRAEARGE A = BOUAE GPU Hh HAT 815 #6 2% 1 SE B2
IR

e R 38 A Bl ST AN IR T e AP ST SR, TR IR AR e S 55 R R . n R AT 55
BLIE ASREEHE R 3R IE 75 SNAFIAE GPU o, T84 RIS R AR ST 48 S, 71+ Sl A5 e 2 T3 AR A7 A
KERITURER. XEWHE WAL GPU A S AR 2 PR 7 A 55 T, A %R
EFARMEL. K, ACRAE S GPU {741 compressed sparse row (CSR) #& A RERMESE, E 3
N CSR A& AL BAEAFRI 73AE 55 1 B — A 7 B 1.

B, data B RAF R AL REEFED:. row ptr UMK/ DNEFAELEIHR AT S5 H, S
(K176 R 11 55 (AR R AU B S RE SR AE data LR LE RG] colindex BT I ILRFR
data FH BN EAEFE T LA R RG] UL, IRAFEEME S EIRAAE T8 O(V + E).

3.2.3 £/ 2 FFEAMEIRA
(EARIR P, B MBI AR T 5 & T SR 2 RS A5 R 2 I R A EL B ST, BT AR ST I N S
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0o 1 2
0 9 3
1 9
2 13
Data 913 9|7 |3|6] 7|6 ‘
3 7|6
Colindex | 1 | 2|0 |3 ]0]3 1] 2
Full matrix representation Sparse matrix representation (CSR)

3 fE%HER CSR Rk
Figure 3 CSR representation of task graph

W, A7 A R ) RIS R LE BE. Tt R R o AT 3 P M A AT R AT A0 PT DA 35 e B IS
PeTH S SR AR 1)

AR SCAEAE BRAR SN, SR AR5 & AT I 2 BRI . 1% 1 A5 A0 B AT SE B Can
Kl 4(a) #Br BIONARRS BT, SR, AR B SRS 12 83 AT 15 SCHAT IRAT AL, G RO 1] A 2 F i 126 A
IS IS DL, RCR WA 4(a) FHIEIG]. £ GPU Hh, BIRZRE R GPU HEAIZAT AL, 1
JEAE GPU i B DAZRAEH N L2 R 32 DAL — A warp SKIFHEER). FERATHR LI, [A—> warp
R R PAT R, R RE AR RN ERAZ AT 58 5, A warp HIZREA H TR K. HEREA
SR AT 3 B AR 1) b B P ik 22 it B 2 22 7T ik 32 ).

NS4 SR ) A 3 B e A U TT BE I A AL, A ST IRAT U 2R 2R AN e ft AT IS
A — DN ERRAEZ BN — Mo . A SRR R TO IR, AR B 2R 5] T AR A & 51
FEAGIE R 2R 51 B R L, 1 — 0 al i A 3Rk sUBE A B Z A e RIS e B O P2 L 12 7 3
ot A 1) A PR P iz e B B4k, AR TT SRR G 4(b) B,

1E GPU 1, ZeF2 AZRRE MRS M AR By /> R ORI, B BARTHERN, GPU IR 4 =5 B.ID,
ZAEHR/N B.DIM DL 2R N I Z 5 TID #n] Lo Py B s 2O A, )&% 38 fige it 2= 51 1) it
S

neibldx = B_ID x B_DIM + T_ID. (8)

FRR, T BB RIE MR R 51 SRBOZARIE AR CR I B LB 2SR [42] P, MR35 S iEd
SR 5 TR A B V. BN B, SOTIRREEAE GPU iR AT R AR 0 B 4R
i 2 AL, SR SEBRI BRI, 25— B A RO R TIN5 — 2 TH S B 2R, —
FEAESS BT R . R ORI, R B S5 1 RO 4608 I, TR B P AR O R R,
T X AR AL A [ P AN SCVRIN . 38 A% R 0 SR DR 19 RO K, TH R P TR S i 5
AN BRI S A A AR B . B R, SCHR [42] D5 A XURE L R W] DAERA 5.
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Sequential semantics: Sequential semantics:

for(int pos1=0; pos1<n-1; posl++) for(int idx=0; idx<n*(n-1)/2; idx++){

for(int pos2=pos1+1; pos2<n; pos2++){ compute posl, pos2 fromidx and n;
} )
Parallel semantics: i Parallel semantics:
for(int pos1=thread_id; posl<n-1; posl+=thread_num) for(int idx= thread_id; idx<n*(n-1)/2; idx +=thread num){
for(int pos2=pos1+1; pos2<n; pos2++){ compute posl, pos2 fromidx and n;
} }
0 5 9 |12 ] 14 ‘ 0 1 2 3 4
1 6 | 10 | 13 5 6 7 8 9
2 7 |11 10 | 11 | 12 ] 13 | 14
3 8
4
(a) (b)

4 232 — IRIEREREST
Figure 4 Thread-candidate mapping. (a) Sequential and parallel semantic of naive loop; (b) sequential and parallel
semantic of proposed loop

B2, /£ GPU "L HAH Y GPU H, XU H Ao EcE 20 T ks s H i ou 8o, ik,
Bt 2 WALV S, SCER [42] BT VETCEE S FERT 1.
FET [ SRR, ASCHR A S R 2 SR THSRL VR, AR RO ORI, A SO
FRIDLFA e BRE T2 T AT AR e e M 58 LE Bl A 2 R AL AT T ST iR I T
neibldx

flipl = (neibldx%n + +1)%n, (9)

flip2 = (flipl —

ibI
nelz L 2)m, (10)

Horp, flipl A1 flip2 0 RN BHEE AL E 1 A1 2. n RoRAE S5 BB ST UR.
WA, 856 3.2.2 /INTTT S EFRIAF 3.1.2 /N1 RIS R FESR T 50, BAS 20 B AR (5 i fi
FERENE RN,

3.2.4 SRS [EHE

BRREAR) 73 1) A i 20 A2 RO AR e L. A T SR S8 AT ISR IO RE % I, AN SR AT 46 7 ikt
EAE AR L AN A2 2 R <RI, DR B L QAR AR, 5 ARERE T T IFATIE R ANE, GPU B
{WIE G & — RSB

FAARYL, EETHEAE GPU I 427 A A7 70 FE 520 SR SO R /N (0 22 1], FH R ORAF B3> R 3
Tl R LR AR IR, A0SRl R 2R, AR B E Dy 1 RIBCE Y 0. ESLIERL b, GPU i ) 4818 S 46
) EZLRR I WS, BITTSEAN (scan) #F LLEESAN (scatter) #ff [49). RTSRAIERAEAS 260 AT AT
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Communication cost I T I T I T I I 1 I I 1 I I I I
Software cost [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [
Hardware cost | I [ [ I [ [ [ [ I [ [ I [ [ [
Index IOI 1 |2|3|4|5|6|7|8|9|10|ll|12|13|14|15
‘ 1 ‘ 0 ‘ 1 | 0 | 1 | 1 | 1 ‘ 0 0 ‘ 0 ‘ 1 | 0 ‘ 0 | 1 | 1 ‘ 0 ‘
L fofrfofifr]r]e]
Block reduce: 513
Inclusive scan: n

Base_address=0 Base _address=>5
Cfofifol [efefo]  fofofefofofrfrjo]

Lofolifofofrfifo]

G-

Inclusive scan: @
|

U
ldzlafafefsfs)  [ofofr]r]
™ AN

T

Communication cost | I I T I I I I T T I T I I T I
Software cost [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [
Hardware cost L[ 1 | [ T 1 [ 1 [ [ 1 [ [ 1T
Index | 0 | 2 I 4 | 5 I 6 I 10 | 13 I 14 l X | X I X | X | X | X | X l X

5 reduce-scan-scan =) GPU 4PiEiESE

Figure 5 GPU compacting neighborhood based on reduce-scan-scan pattern

1 H AR B R AT B DA R A 2 SR e e A B AR R RN BT AT AT AR A it 2R %) S P 7
WL YT IR AT N AT AT R, RIS AR IR AN T ZE AN, [ 5 SRR SIS A LR .

ECA B TAES, SCHR [49] $#EH SIMD Compaction 344 | chag FHATEREZE. SCHR [50] 45 H
7 Compaction 777E 5 —FH O(3n) L. XH, n RIREIEINAL. 3n MFRREEFPATEREH V5 7]
GPU &R WAF B/ D IR RETIAN T EEA T LR T reduce-scan-scan [ SCEUR, I8 i 7E AR HEEL
e Bk, R ISCHR [50) ML T SIMD Compaction.

N TR S, ASCSGE T A Compaction 1%, EEARBTE: (1) fRIUE T HIEE TR 5E 48,
FEORIN S 2 R ARG I (2) AT ARSI 1524 R N AF IR & 95 1.

3.2.5 EHT GPU g SiEM

LBk T R LRI AT AR IS, 8 N ORI TR SR IR B A AT A AR I A IRk . £ GPU
SR PRATHE, AT RUK 9% 2 B s 28 SR AS B 1 e/ IME HL R FE.

K, N T1E GPU H5g iR S iy, A SCE &5 T30k [51) FRFFHAT AR R ER K
RFIEESIEN B M. JFE, RSV e a2 ATE A R AR L AL ] CPU .
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3.2.6 [HE GPU HIFHFER

GPU M7 R JE IR EE & SN TR AT R P AT RO RSN, HF M 3] GPU I, B HEHIE
PAT IR VT AR L

TG, Vi) 4 Ja N AE 75 E5BAE G I F 0 JEU). A ) e S 0 fige it g 32 B B AR R 5 A
W AR, LLOB ERED. 5 AT R EMEA (array of structure, AOS) AFHI&Z, /£ GPU
HRAT A P ZH 4544 (structure of array, SOA). U 3.2.4 /N HTEMB, 1X 4 4 EE BE ARAE AT Ik T T R SE#E 2%
IR E 2 RINAAEIE, XREDRIELE 5 2R 4RI E 4B B 1 3 2 Js W A7 &

FLIR, BEANARIBAE T SOEAS FE 2RI, 055 B U 1) FAT AR, T HL, AR5 I R .
I, AR 55 BRI 105 2 SR I 38 A5 AR S S A SO WA DR A7 LA, 155 RS n A JE A A R ok
S A7 A7

(ERIAE DT SN A% h, SRR A7 4 1 R IR AT — L I AR S P g 5 « FE DR SR [A) 45
R JIAb, AR REAEFE T . AR O R A5 A B S SR U 1) DRI, RT DA R
WAEIRAE. [FIREHE, 2900 R A7 UE B N AFH.

KT NAERAE ], 32 ZEARIAE SR 4B B (10 B SRR # DL S AR S v A B B A iz fige 8] PR Y
P LA

a, 5k 3 e th AT GPU W i B AT IR 4 4% S A8 R BB X 3 B0E 0 T 2 AR

4 SIG
4.1 SERELEFNIEITINE

NESIEEET GPU 1 H I AR I 46 4% S A 2 1 B 1) 23 B 1A . AT 55 R A 4
HEOSCHR [11,12) SRBNWITVEE L. R 1 4 T EAMESS B R 380 ny U0 m, DL R 1) o] AR
size =2 x n+3 xm KRN,

ARS8 B, AN R FE 2R N (1, 100] 2 8] B35 50 23 AT BRI BEATLE B AL 9 ot B4 s 3R A
AR M IEZS 73 A1 (I BENLEL 5 AU AN IEAEAE 2R N IXTA] (0,2 p- smax] ZTBIRIAR AT 20 2541 () BEATLER.
Fo1, spax AAESS B BT RO A 28 Th I B ORAH S p IBAE - THELLL (CCR), 4 p BUE N 0.1, 1,
10 B, 73l R B ERAE S . I AUESS, DUAGRE B EAUES. LK R WHUE 7> A A
(1) MRE SR ZPR, BUE A (0,5 x Y s;] Z IS A BEHLEG (2) S9SEF 290, BUE N [ x
Sosi, > s LIS AR EENIE. B, EEREE - HEIMSEN AR R KBS, F0ME
ZEH 6 i

F & T HEA Visual Studio 2012, fH C+4 LI, #4E RGN Windows 10. EIEMFHATH 0 H
CUDA 8.0 528, I#47°F &4 Nvidia GTX 780 GPU. i% GPU K244 KEPLER GK110 %44. GPU
A 12 MR Z IS (stream multi-processpr, SM), B4~ SM A 192 MrEALEER (scalar processor,
SP), GPU KN #fliZe i K 1.059 GHz, 4 RINAFR/NA 3 GB. FIVERKHBATHH C++ L, 17
BB BB ATF 6N Intel i7-4770 CPU. i% CPU IR0 4R N 3.4 GHZ, WAEK/NA 16 GB.

4.2 LEEFHE

ASCE SIS O TR AR R B I LEBOR A SCOERI LS. 285, fEigfrifa b, A
SO I IS HE R UGB A SCRA R R AT SEIUA GPU SEILIIZE 5. N T i — B U BT — R AL SR
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&% 3 GPU-based adaptive compacting neighborhood tabu search for hardware/software partitioning

Require: Initial solution, task graph, node information;
Ensure: Optimal solution;
Initialize the current solution and global optimal;
Initialize the tabu list at host side;
Initialize the tabu status at host side;
Allocate the node cost of task graph space on GPU memory;
Allocate the neighborhood space on GPU memory;
Bind the task graph on GPU texture memory;
Transfer the node cost of task graph to GPU memory;
while stop criterion isn’t satisfied do
Copy the current solution to GPU memory;
Compute the costs of candidates in the neighborhood at GPU side;
Compating neighborhood at GPU side;
if the number of feasible solutions is 0 then
Reinitialize the current solution;
goto Compute the costs of candidates in the neighborhood at GPU side;
end if
Launch tabu evaluations kernel;
Transfer back the optimal candidate to the host side;
if all feasible solutions are tabu then
Randomly choose a feasible solution;
Update the optimal candidate;
end if
Update the tabu list at the host side;
Update the tabu status table at the host side;
Replace the current solution with the optimal candidate solution at the host side;
if H(2current) < H(%global) then
Update the global solution;
Clear countyoimprovement;
else
Increase countyoimprovement by 1;
end if

end while

RIRCR, AR H 7RSI SRR AT SEIL B AR AZ FEL R GPU Ja (IS AT IR 8], Glad iy 2 2 18] (i EE
BRI AEA [, R SEAE R GPU Fri)— R AN IAT 221, B, R S5 079 o
BE—2 DR, BIFETT AN 10000 BB BLT, LIS AT I A] B ELALAEL GPU IR B RS A
X7 .

4.3 HZENMRENLINER

B 6(a)~(f) 2>l ELE 7 SCHk [44] HF I HEUR AT TABU 5%, SCHR [47] F I NODERANK %,
DA SR SCIRY 2 0 R 4 A A R R I R AT SE LA GPU S8 (159 ACNTS Fl GACNTS) 1
fif i, A 6 PEAE — THELLAZHEIL R, AHXSSCHR [45] 1 alg-new3 BV IR fif o7 & () SUBE R 2. AR
SCTERIMIAG AR B HEUR BES R, BEis 1B ik B s AR M 83 & RiffEs: N A
JA IR AT v, o, M A N BB 43 0 E A 2000 A1 200. NODERANK ISR B F SCRiR [47),
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F 1 WKEE

Table 1 Benchmark

Name n m Size
cre32 25 34 152
patricia 21 50 192
dijkstra 26 71 265
clustering 150 333 1299
rc6 329 448 2002
random1 1000 1000 5000
random?2 1000 2000 8000
random3 1000 3000 11000
random4 1500 1500 7500
randomb 1500 3000 12000
random6 1500 4500 16500
random?7 2000 2000 10000
random8 2000 4000 16000
random9 2000 6000 22000

BOEN 4 K. alg-new3 FHIPK d, [FISCHR [45], BEN 0.05. KTHE B FIREAFFESAERSIE A
TEAFAE S SRR, T AN

H(za) - H(zp)
H(za)

Improvement = x 100. (11)

JUETETHE — @IS 10, 88 SEIF 2950~ , NODERANK J5 VELE #7055 B o () SCBb A R EE A
OTVER L. H AR B, ACNTS 1 GACNTS Bkt alg-new3 Jiik M E U FEfE, BT
YHERH ) HEUR. TABU LK NODERANK &k, 4k fEFTA 6 MiEoL R, ASCTEERT 3 MES
Pl PR R REAS 2 BH S5 1) o B ik, X R EEULRE TAERT 3 MES B, T AU R KA 26 4, B
BRI IR SR AU BUA A, FEARSRE AP B, W SR A AR AR AN AL LR, S IE L BENLYI AR T VR
Fofh M a1 22 AR5 A ) B S SR B T BB ISR L SR A R,

2 NTE 6 FEDLR, SATVEHINT SR [45] 1 alg new3 Sk IAE{4FE 2 T 25 CSG3EFE FE A B
FALS B R R LU, @ &5 AT XS LR, [FIFE 2 HEUR 3 216 MR, A SCHE 71 &
AT SR GPU SBLXT W46 i (1 DL AR X T STk [44] 19 TABU J7 V5 G RE FE 5T B 85, AR STk [47]
t NODERANK J7VERt algnew3 73 M SCEEFEE . X UL BT 1 A () B, A SOy AE i L R, fig
15 21 S AL ) e o

B, B 7 BARGH TEARFRE LN BAESS B, AR SCER) GPU $UTX HEUR 73245 2I%)
G6 ffe F) SOFE R FE DA IR AR SO VR0 AR 2 R ook, vl DU, fETHE - J8{E LN 0.1, 55 SER 2931
NARSCOOTERI T B RALE. RS O T, AR ST R ) SO R B AR T SCHR [44] 45 ) TABU
L AT FE B 4

4.4 HE¥ M GPU SSIRYSSISLER
RN TR ITERERACHAE GPU LIB1T, AR T T GPU LS ERIE. 2672 — Rk
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16 -_— 50 _—
(a) 45t (b) —-—HEUR
14r T a0l —TABU
12t — NODERANK
~ s 3 .~ ACNTS
ST SN - GACNTS
= =
b5 | s 25
§ ° 5 20
e 6 1 2 15
= - HEUR &
E 4 —~TABU 1 E 10
— NODERANK 5k
2 — ACNTS : 0
0.......+G.ACI\{TS. e
0 02 04 06 08 1.0 12 14 1.6 18 2.0 22 70 02 04 06 08 1.0 12 14 1.6 1.8 2.0 22
4 4
Size x10 Size *10
20 " —HEUR 60 ' o
18+ (C) ——TABU 1 (d) —-HEUR
- —nopEaN | -
Y - ACNTS S . ACNTS
- = GACNTS S 40t
5 12 = - GACNTS
2 g
S 10 £ 30
2 3 >
g 2 20
= 6 g
4 10t
2.
0 _— 0 _
0 02 04 06 08 1.0 12 14 1.6 1.8 2.0 22 0 02 04 06 08 1.0 12 14 1.6 1.8 2.0 2.2
4 4
Size <10 Size *10
18 _— 30 : —
(e - HEUR ] () .
16} ——TABU 251 +¥£1[3JII}
< 147 — NODERANK 1 ——NODERANK
S —— ACNTS < .~ ACNTS
z 12 - GACNTS s 20 - GACNTS
£ 10 g
2 g 15
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o o
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2
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0 02 04 06 08 1.0 12 14 1.6 1.8 2.0 22 0 02 04 06 08 1.0 12 14 1.6 1.8 2.0 22
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Ele (MERFE) BAETFRBRE - HHEEURARES T 30 MRGIEFEENESFEE
Figure 6 (Color online) Average hardware cost over 30 random instances by different algorithms under different CCR
and R. (a) CCR = 0.1, R = low; (b) CCR = 0.1, R = high; (c) CCR =1, R = low; (d) CCR =1, R = high; (¢) CCR
=10, R =low; (f) CCR =10, R = high

Wbt B AT R AT S — RAVACTRES. A PRBLX LR SRS I 3 X, AR T ACNTS HR
A E] GPU JGRIsATIE]. 78 3 RBAEN, GPU Sl AT AR FEAZ A4 AR 55 18, 1 ACNTS SEHL
155 ERIE AR IR FRIE; RIEMRI AT AR 4(a) W72, THEFE 2R I (R Y 10 SR, (E Ik AR
)R REE A 2l RGBS FE 2R AP AN 5 e A R WAZ LS (06 9T, ARIR AR BER L 4n 435 A7 U7 1n) =
BB 25 VPN B B AT L A Ak, B 8 AFEAR ST IE M R ATSEIL (ACNTS) HAA
I3 GPU BRI (naive-GPU) PATIRAIEIE ) GPU SL3L (GACNTS) FI3CHR [44] ) TABU
TIEAEISATIN (8] BFRef bE. IS AT I TR REREL T, FEAME S BIEAT 30 G HCFIME. Ak bron T
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%+ 2 EXEN alg-new3 MUFIZERIELEL

Table 2 Comparison among improvements of algorithm over alg-new3

CCR R TABU NODERANK ACNTS GACNTS
0.1 low 5.2 7.9 9.6 9.6
0.1 high 20.8 11.3 27.8 27.8
1 low 9.4 11.5 13.2 13.7
1 high 30.7 26.6 37.5 37.4
10 low 3.8 6.2 6.5 6.5
10 high 10.5 11.1 14.4 14.8

45 T T T T T T T T T T T T T T
mmm CCR=0.1, R=low
40 |- mmmm CCR=0.1, R=high .
_ E===ICCR=1, R=low
35l - C—CCR=1, R=high |
_ mmm CCR=10, R=low
mmm CCR=10, R=high
— 30} ,
S
g 251 M ) ,
o
>
2 5 _
S 20| i
£
15| 4
10 | i
st i
0

152 192 265 1299 2002 5000 7500 8000 10000 11000 12000 16000 16500 22000
Size

7 (MERFE) GACNTS %f HEUR 7AESMIER TRIAE K0
Figure 7 (Color online) Average improvement of GACNTS over HEUR in each case

25 B RRARE, DhARAR it $i 77 B I AT IS 18] (FRLAZ: ms). X T GPU b AR fig (1) 35 &1+ 5. 1)
LR E S — R 128 MERFEH U S FANERAEIN AR A 512 A, EQDIB R AAM By, 4E+7 STk [50) H
AR B ZHONE. N T A AT R ZE SR 4, ARSI — MRS S, 2R 5 1024,

BT, 5 HARE < b, BV BER R ATHATI S GPU Jnid f5 B3 AT i 18] i bEAE R 13 B
203 GPU M Ja MR35 . AR SCARRIE AT L A BE o0 B AT HAT I GPU AT I A7 I [R13EAT 347
LI AT I 8] 32 8225 FE AR ORARET I K B 8 5. X T B 1) RAF W 4G 4 LA B AN — U A% it
FE I [ AT I 25 58 540, $ MR S AR B AT A N, 3 — 20 14 MES B9y R 3 Ff
B, B cre32, patricia, dijkstra A/NBEAT S clustering Al rc6 A EE AT 55 P; randoml ~
random9 N K55 4.

KT ACNTS Fl GACNTS Z IR LS, FEFRA I 6 FHEHL T, ACNTS TR AT T 3 AN NIEAT:
S ERIRACTE A 3. DRI nE L VS FEIFE 0.55 ~ 1.06 Z 18], fEidfs — TR 10, ™k Sz 210
I, BERS AT 3G e . RUORTEXIEOL T, ARTARIE BB BTE 2 0 0 i 3 0 AT /2 20 3.

993



FEAESE: JET GPU B & B AR5 48 45 e 49 2 B Al 3 Rk
" XlO“
1029 : 16 : :
9t —TABU 14t ==TABU
sl == ACNTS == ACNTS
==Naive-GPU 12t  ==Naive-GPU
Ty ==mGACNTS 'g ==GACNTS
g 6f e 10
g 5t g 8r
= | =
§ 4 é 6
~ 3t 4
2t
Lo WLl Lo wllh
Ol ecm crmmn B ob——— s m. B
152 265 2002 7500 10000 12000 16500 152 265 2002 7500 10000 12000 16500
192 1299 5000 8000 11000 16000 22000 192 1299 5000 8000 11000 16000 22000
Size Size
x10* x10°
9 T 2.5 —
3 | =mTABU == TABU
71 == ACNTS 2.0} ==ACNTS
==Naive-GPU 2 ==Naive-GPU
’g 6 | ==mGACNTS E == GACNTS
S st g 3y
£, 3
g £ 10f
& 3
2t IH. o5t
| i o ohilll
0 N | .I'I-h il B B Iﬂ. ob——— e me | . ITL
152 265 2002 7500 10000 12000 16500 152 265 2002 7500 10000 12000 16500
192 1299 5000 8000 11000 16000 22000 192 1299 5000 8000 11000 16000 22000
Size Size
x10* x10¢
5.0 — 8 —
4.5} ==mTABU 7| ==TABU
40| ==ACNTS == ACNTS
’ =Naive-GPU _ 6| ==Naive-GPU
_ 3.5 =mGACNTS 2 == GACNTS
£ 30} 5 3T
] g
g 25} = 4r
£ =
& 2.0 2 3t
X 15} 1
1.0t 1 2
bl L Il Juli
152 265 2002 7500 10000 12000 16500 152 265 2002 7500 10000 12000 16500
1299 5000 8000 11000 16000 22000 192 1299 5000 8000 11000 16000 22000
Size Size
El 8 (MEMRFE) REEENBITIITE GPU RUTHIEITREEEE
Figure 8 (Color online) Comparison of excution time between sequential implemtation and GPU implementation.

(a) CCR = 0.1, R = low; (b) CCR = 0.1, R = high; (c) CCR =1, R = low; (d) CCR = 1,R = high; (¢) CCR
=10, R = low; (f) CCR = 10, R = high

PRI, 75 5 A2 b T 24 A St =B 4 4 e SRS 4 BB T 00 24 A ) SR ST AT . RS BT AR L

A A7 REATLIE, B 2479 RIS, BT AR A0 1) 24 T (0 BTSSR AN BE DR IEAT 2220 — N3k
AELVAR B ATAT R, R A T 0 FE B B R AT IRBOE 2, A58 BT I TRIE 0. X1 rp S A
FES5 I, IR LERIVEREAE 1.06 ~ 2.3 Z 18], DY 1299 I, & ELAE 1.52 BLA. 2475 SR 2002
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* 3 TRHEN 10000 B, AXFGFENSITHITS GPU MTHEITEE (57%)

Table 3 Running time of serial execution and GPU-based execution when the number of nodes is 10000 (min)

n m ACNTS GACNTS
10000 10000 102 9
10000 20000 148 12
10000 30000 215 16

i, IR LTS E 1.85 ~ 2.3 Z 0], M IET GPU I AR BLH T3 BRI ds. XT3N
KIEAT S5, Iig L VS BEITE 7.71 ~ 13.48 2 [A]. o5, GACNTS 7R R AR T Hik.

M 8 HAETLLE H, K ACNTS HARFEHE] GPU (naive- GPU) HIFEHL, (A 24T ACNTS HigfT
I E]. X PR ESE GPU AR B 1 IATRPE IO A SO I VAR S 6 A VE RESCHF. fe £ 221 SR BRI AE
T EHERHI GPU AT 55 B SR IA RO 6 AR (1 FEAT A0 5 28 B T 385 FE 2 K B U AR T BRG] o ik
A BT, XA T A FIVEAE R GPU T — R BV SRS (1 00 B I BB ) A
AR FAESEAT GPU RALSENE 5, (575 GACNTS [IHEREA AT BIFE T, 7040 K 2 HE i~ BT 3
Wk [44] 1) TABU J7¥%. BUA RN 5, GACNTS 7ER MR mAE TR A E#EE T oA R
SR BRI 5377 1.

4.5 FEAHRTHVERE MR 57 e R

AHB AT ALY R E 10000 H TEIERE T GPU MBCEA R 3 5 3. 1% 8 E T,
AR 2 FR SRS Bt T A R RO T AR, R 3 N EEIs AT ). AT ULE
H, R AR BRSO R, AT B AT AT IR () e KO RL 3 S/, s GPU Iisd & i3k
ITISTRIANE] 20 70h. X B HE— DRI T8 GPU IR S A R 1) 7 b 78 S

5 SEILFAREKIME

ARHEH —F 3T GPU M HIENAREESE (compacting neighborhood) 2% 548 22 (1) 4 R4 K1) 43
HE. EMORIEAESS B E, i A A BT — Gl A5 LRSS 25, X H TR T IR, S5 R
B, ARSCTVERSR R 2R T O W B K T EMEE B R T, R RBAL S B, A7)
GPU LI B BAA A FROLs. 8 HE R RIS A S R 7L A AR E] GPU, FERZ 72
() ER AT S DA SR BAT A RIS ) GPU SEBLZEAT IS AT IS R 0T L, AR B T A SC TARE T — RANET GPU
HIPCAL SRS A LM B e, 7E75 AU 10000 BFESIE 1738+ GPU BRI 43 77 R LRI 8] _E Y
B R AR

Bost b, RN TAXH TAREERERE LRGN E 4 7/ A For R

&2k
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GPU-based adaptive compacting neighborhood tabu search for
hardware/software partitioning
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Abstract Hardware/software (HW/SW) partitioning is an essential step in hardware/software co-design as it
determines the functions to be implemented in the hardware and software. HW /SW partitioning problems are NP
hard. The increasing complexities of modern embedded systems worsen the problem, thus motivating the search
for solutions by heuristics. The tabu search algorithm is an effective method for HW/SW partitioning. However,
the process is time consuming. The existing tabu search methods for HW/SW partitioning focus on sequential
implementations that involve a trade-off between solution time and solution quality. This trade-off sacrifices the
solution quality. This paper presents a GPU-based adaptive compacting neighborhood tabu search for HW/SW
partitioning. First, we present an adaptive strategy that enhances the search intensification to improve the solution
quality. The massive parallelism of GPU architecture can reduce the solution time of the proposed strategy. Next,
to ensure that the algorithm execute efficiently on the GPU, we further propose several implementation strategies
such as the representation of task graph on the GPU, the mapping between the GPU thread and candidate, and
data layout and memory access optimization. Finally, we realize the proposed method in a computing unified
device architecture, namely CUDA, and verify the effectiveness according to the related benchmark with different
communication-to-computation ratios and real-time constraint requirements. The results show that the proposed
method can yield a better solution quality compared to the existing methods. By comparing with the naive GPU
implementation of adaptive compacting neighborhood tabu search, the proposed implementation strategies on the
GPU significantly reduced the solution time. In addition, we verified the advantage of the GPU-based method
for very large HW/SW partitioning.

Keywords hardware-software codesign, heuristic methods, graphics processing unit, tabu search, adaptive al-
gorithms
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