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A Developer Recommendation Algorithm Based on Multi-Relationship
Knowledge Enhancement
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(School of Information Science and Technology , Qingdao University of Science and Technology , Qingdao, Shandong 266061, China)

Abstract: In recent years, crowdsourcing software development has gradually become an emerging software develop-
ment model. However, with the continuous development of crowdsourcing platforms, the problem of information overload
has become increasingly serious. It has become crucial to recommend suitable developers for tasks that are difficult to find
reliable developers to complete on time. Traditional recommendation methods face two major challenges: First, the text fea-
tures of tasks and developers are highly concise. Traditional recommendation methods focus on surface text information
and fail to discover the large amount of knowledge entities contained therein. Second, tasks are one-time and this results in
extremely sparse explicit interaction data. To solve these challenges, we propose a developer recommendation algorithm
based on multi-relational knowledge enhancement. We identify entities and contextual entities from text features and link
the relationship between tasks and developers from a knowledge perspective, uncovering the deep preferences of develop-
ers. In addition, we treat developers’ participation in registering, submitting, and winning tasks as different preferences.
We assign different weights to the relationships between tasks and developers and employ an attention mechanism to refine
the importance of these different relationships. Finally, we enhance developers’ feature representation using multi-relation-
al neighborhood aggregation. We conduct extensive experiments on the real-world Topcoder dataset, and the results show
that our method outperforms the best baseline method by an average of 11.7% in accuracy and 17.5% in mean reciprocal
rank.
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R AT 55 ME LA S I R B AT S A I R E SE R . (R, JF
K 0w UF 52 AT 55 1 58 1, NS BRAR AT 55
PRI G SR R, AT S5 iR A IR T & R
(CESRE C: N Wb R E L e

WRE (e riPY R N GINN- &
J1. B0, Mao %5 A48 H —Fh 2 T A 050 26 07 154k
T K . Shao %5 AP 1 45 4 1 25 I 45 Rk A 18 X
R BREREIT & . Zha 26 MR AR5 B A 2 HE
JF 2 SRR ST R B A SRS . Zhang S 742 )
— PP 2] Y SR S AR R RE T BR AR (T
AR Ty 1 TR Bl IR AR SRR T A FIT: 55 1 Ry
fIE , AR AZ 0 TR 2 UCOCIR OC A&, 153 1) 4 7 M BB AN 8 3
A, BiRIr & T IR E S SRR ST S
SRE T I 2 A U ) 52 W), A BE 4 T B 0T & 1 2%
BRI UF , TETT A SRR B D I R A

N T RIS T R H Z TR R 8 T
KAWL  FATIETE K T 5 | AR 3
RARIUTE 55 AT & & Z (B W URJZ I &R .k #E a7 JiR
I3, FRATAT LA SEAR Z ] 19 5C 2 rh R BLIR 2R &, A
TMHESERIAT: 55 SIS 1) Ko . [l R 3 ) L)
W BN A SR Z M R OC R i — LY IR R E Y
DL G

AN, R T DA 55 FNT & 38 2 () A8 B AR e A
His i R )AL, B 1 25 PEOT R e 5 ERRIEAR B, 3
RN T & AT 55 AR 5E B B A5 S A R T &
H ARSI H. . AR 2 R BEERE W IT
2, T 0 BRAE AR =R OC R AN [R] By AL E R 4 T
JHITT K A& WA FIRE ST . B IT R B R 5L Ry R
NI K 3 i B S AR 22 I 45 (Graph Convolutional
Neural Network , GCN ) 28 -& JRi R &R 1l FR 4 11T

PR A SCER Y T — b 22 5C R RIS s 0 T
e a1 ( Multi-relationship Knowledge-enhanced Devel-
oper Recommendation algorithm, MKDR). ¥ — 1 Hi{E
55 F—ATF e CRLSRIT 2 B OAE A i AT 55
IR VAT . T Sk IR Ty I A sk FR AT

HA R a4 EaEAT T S8, SCRR 45 R R W] MKDR 7
TF R B LB AL T HAlXS He 7 ik

2 BXIE

2.1 FEEHEE

N T E AR AT R, — e B AR T &
BB MEBAE & B ST 55 R IE R BUAS [R) ) 26 W
PEATHERE SO0 oAb, IR BT K H S5 AN A G
2, Zhang 55 N4 H —Fh 3L TF o0 o (4 S ASE AL T
W TF 25 CEME B 5 AR Bk i vl e , B A0 1 I8 AN T RE
LR TF % % . Yang 25 N2 F G N R A S A1
AL S 5 DR S AR T K W AR A Rk
HERY AT BETE . Zhang Z N BT & 00 =25, R Z
BEAS 2 ) X = 2R TF & % MEAT Vo T, 9% I i FH 4 A
22 2 REVEA ISR A 4 e 2 & & . BLLL BT
EYIHAGTAT 55 M & & 0 R R AE , FLR % BT &
VR RN S AT 55 BT AL B o, HERE TR R R %
A
2.2 HENREE

N T AR HEAE A VR | R AR B A i ) A, A
FUT] DL — S A L . Bl , R RS 22 s giE )
AR R SR A AR RE . R R R —
P2 , 41 5 Z2 RS R A1 s RN DG 2R, L v 4y st X g 1
SURUESSIT &), IR TR AR . RS
IR R A5 B A = Mok T A ke
FETBRAR 7 LS R G — B 7 k52 MKDR A A
KT AT ¥ A B R B R AR 2124 ) A SR
K ARRAEm . AT FREE T &)z M HTE S
Y AR RS A RGP RGN AL
W IR R R it AR AETE R B R i T A

3 ETSXREMREENFLEER

A SCHR M — i 220G FR MR 5 A T A R A
i, BUMKDR. 40P 1 P 5k e & R AR AR B R1R
B JF R H 2 R R R MR AR A AT
SEXTE 55 FIT & 5 1 SCA R AE AR SCARRHAE £ 47 4k
P, IR SR ICCARAE A R AR B TR SCsiqAk . 4
TORMEIF R E S S R AR P RES
AN ) Z WAL 55 AHOCTR | 3R 5 X S8 4T 55 (1R AR 1 i T
BB RN BT S R AR FIF & i AR R
V2 5 i AR BE A2 ) 2% (Deep Neural Network , DNN)
w2 TO B 25 AL L T X SRR R AT T A
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ARICH) G FOE AR R F B B R B HE
7. UL Topcoderfﬁjﬂﬁ@?ﬁﬁ‘ﬁ?’i%ﬁﬂﬂfﬁﬂ,}FZ{E’:J%
R AL AEAT 55 KA, R A N 55 SR AR B
J VPR AR it 2 3 AR PR A T 38 A T2 Dl

ERBLHRMEFLEEE LA DM RE U=
{uuyy o, Y Flm ML S V={v,, vy, v, b X F—A
W RFueU, V,={v,vy, v, }, Vi={v,vy, v, } A
V={visvas v, YIMINER IR IT e TEMY , $ 58 AR ML RO
PisAESs , b o 20,2 0 W BA DI AR5k 70
FORIERFFE , A AL E — BT 55 o ST,
IR F A U P A1 W T R 58 AT 55
3.2 FHIEAE
3.2.1 CARFFEANE

X T SCARFHEFR AT L T CNN (0] 7R 2 2]
BRI PEAT AR B, SR AS B R A L7, JEF CNN ) 73
TR 2 RRRL S P IR E AR R ) TSR . AT 2 TR L A
KEER THA) T, B e inlite A 244 0] i i B A B ] e
Eﬁj@déﬁfﬁlﬁ%%[wl W, e wT] e RT3 S n] i ik
AR i B B, FLAE AU S A b RS
AN T ARG RRZ M FHUE 2% k e R0l ARG FF
AT ERIZ T, R IE IS B KN B E R 2~5.
FRUZEE A TT 7 A I REAE

3 =fw,.;*k;+b)) (1)

Horp, R AR LR R B, <0 A TR AR, b 02 T
{g].22, g VR R TEAE A SR LB 3
T AR BRI . XX SRR SR AT B Rt Ak i B3 AT
DLR 51 o B 2 AR, I 8T e A RRAE

z,=max{z},z}, -z """} (2)
L5 BUR R H R AR 2 TE Hh 0038
2=(2, 2 7,) (3)

3.2.2 FEXAFHELLE
155 AT 3 B ik P A 200 B RRAIE AR R 4
ik R IERLAR A 55 P e R (BRI 5 T R K

cBay
Get 14
Help sentence
g max representation
pooling

Bug convolution
Hunt |~ R

for
Android

d xT word
embedding

N feature maps
matrix

K12 CNN SCAFRAE R

B R EN BRI R E . B IERREES KM
HIH D T A& M B IS . X FERRIE , A% Sl
JH one-hot B{ & multi-hot Z i1 Lt itr?ﬁ[m:

10,1, 1) (0,1,--0) (0, 1,1,---,0) (4)
~—— ——— —
techniques or language developer type or location developer skill

o FEUEAFAE , FATTR ] Z-score JA— 1L J7 B AL B
I 2N T SRR AR SCA R DR AE— i
3.3 MIREEEERT
155 A bm RN T 35 19 19 3R A 20 5 SCARRRAE A
B A R A R SR S AR [a] 38 2o B 2 0T LR T Kk
F AR DGR, DT s AR GCR, . A SO ek T Ah R
I 1 DBpedia'® PEAT SCURBESE , SR 5 HE T B A9 52
R 18], 1 3R A9 SR Z TR Y OC R B4 . b Ah , FRAT
AT LAF P AR S (5 AL R AR G ORI T LA
MR . I, FRATE C UM SRR LR SO R WA
BB T YRE T B RATR R E AT
PRV T SR A 2T AR A SR A B R Rl E =
le, e, - e, ], n & SCARTTHR BN TARL R . F—2 A&
SCAf R SR Y B R SCSEAR R 8 A AR
TN SR e 1 1 SCEARE S
context(e)={e,e 1, e,)e Gor(e,,r,e)e G} (5)
Hrp r RIRKR, GFRRFHENE . 4hE ke EF
3C, BRSO AR IR
1
| context | ¢,  context(e)

B SR e S H 1R SCE R B SCARFRIEEAT L3
. FH softmax pRESCA AR SR K H: B S04 Fie AN [H) Y E
T

e (6)

i

e=

pi:SOftmaX(ZT' ;31‘): M (7)
> expia’e))
Hi e =e+e. &, TFRHRIKIBARIZR N
B A SR A R IALAL :
e= zpi;i (8)
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R T AEIE I & RZ K A B I E 3 PR,
SO TAES5-TF R 2 R R R IE HIT R 3R
N5 AT 55 1 R R B &R K . Michael Schlichtkrull 45
AP TEM] GON 3 it 34 Jo B A 38 A AR 1T LA 88 5

FAR A RE .
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QO %
O r#
-—— EIBRE

— = RERA
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K3 AE-ITEHEZLER

¥ & FUE S5 Z 81 A M (register) , $£58 (submit)
FAR JHE (win) =FhOC &, BEFPOC RN TH L #H RN BI %
Wl A7 BT A [A] L 3 3 2R A SR BUE BLUS T LA BI9T & 1
FRE, IR Fs

B =W, (h)+h))) (9)

Hodr , n 0 hO BRI R B w e L2+ 2R FRR,
B JETT R u i) RSB G R . 1R RFH u iR
AR B TS5 5, W R A E AR F , o= LeakyReLU().

FF koK H A5 HARZE BB P UARRE R

B =wY? z c, wvh"+w? z c, (u,v)h?

v v
VEI‘” VEI”_\

(10)
+wh 2 c,, w,v)h?"
vel,,
o(u v)= softmax(h, - h, )= PPty
> exp(h,-h,)
vel)

H w0, wO R w0 oy 5 e i i M S R G
FREENERACER . b JRAL S o TE UEZWRR 1)1
L 53 AR W B SRR OG22 M T & u CHK
FWIES LS . c(u,0) RALS-TFRH Z B —1 7
B, LA 2RSS o X T IF R w I E R, AT
RETHENGEE . R, FRATA LIS 2UE 5 2R
O 1T a2 B Ag . RA1E h)=h,, k) =h,
R EGIEISY ISt
3.5

2l Z R R MR E G RATHAGTF L 1 FHE
FOR b, BT E TN B4R 55 AR R AT TR B
X AT 55 HEATAL I, RAFAT 55 U RFAE RN b BHAE S5 5
R BIFE DR R «

h=h,®h, (12)

Hoh, @ 2R PRHESRAE . BRI R A DNN 8% A, B
Ll R TINS5 R -

$=DNN,, (h) (13)
Hrh, 0375 DNN B4
3.6 1REIFET]
i T %% 2] MKDR B 280, A SCfEIHERR R gerh )™
W AH A2 s R AR R H s R AR
2 ylogy+ (1 =plogl —p)  (14)

(w.v)e Y Uy
Horr, y FOR HIRZE 1 5001 FORTF KA u kI THE 55
v, 0 IR BAT M) , 9 Fm BN AYE. Y F Y~ 7352
IS .

FI b bR 8500 D8 A FT LAGE 3o BE AL BE T B R 58 A
TEIF R FH e AR I R R — A,
MZ5EFNITEEZ BB AN, X REAEARY
R PR, AR SR UG SR AR I 7 2 K P 1E SRR AR, A
TEAE AL v S S B AL Ak HORE AR e 38 i 4l 46 P IR A
ARBRCEE . T8I SRR R IE A B 2 S T
A B[R], I AR A TR )1 22 aod T R IE AR A IE R
A PR 28 22 BOMOR , B 25 By A B AR AS b B
BN TIRBV AP A S5 7 ST ROR AR SCBE B IE TR
LB 135,

MKDR 53 Bl Zhad R gk 1 s

BiE1 ETSXRMAEERNAREREESE
BN AL S5 0915 B o_info, JTF R M5 B u_info, AHREE G, TP RH
SHEF M EFL
W25, w
1 BTG BB 4
2: repeat
3: for(w.v)e Y'UY do
4: h, - h, o= CNN_processor(v_info, u_info)
BT T 5235 (4 SCARRFAE
5: B, gexs 1, oe=NON—text_feature_processing(v_info, u_info)
1B HAT: 55 FIIT 423 B AR SCRRHAE
6: e, e,=Knowledge Graph Embedding(v_info, u_info)
TARAR TR i A RN
B b () = (e

8: for I=1: L do

Loss=—

9 W=V Ay
10: ") =Wxch!™"
11: end for

12: h=(h"ht)

13:  5=DNN(h)

14 IESCRRECTEN S0, W
15:  end for

16: until Convergence

17: return O, W
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J T B E TR 5 MKDR 943 26, A< S fdfi i 2T
SO 15 Topeoder I (RS HEAT S5, 45 T A R (1)
SERGEE AN AT . FRATT B ST LA R [

RQ1: T4 (4 FF & 3 477 7 0 g2 35 A0 T H At X He
ik

RQ2 : RS A i AR A5 AT LA R R R 2

RQ3: 55 5Tk #H ZMM L RINGE B RA RGHRT
TR RE?

4.1 BUERENA

Topcoder - 5 K FH%E T 5% G AT 55 58 i =, A4~
%8 S 5 58 U T 55 (Topeoder AR A KAL) .
ARSI FRATT IR IR 5& 14 5 AT 55 Bl , A 4G i 4
F R gE B 231 32 846 M55 . ARIUEL
Yo Je , TR Je WA SE B B , SR WA R A A
1B 5 BT A FORARAF AN R A B a4 . o T kD B A
B A R R, TR AT 3k B DU A A A B B A AT SR
F35 12 034 ME 55,26 662 N TEMHE .7 106 M -AEH
3 723 MR . AR, AR SO Microsoft Satori by &
AT R R PR i AR EUEICHE A v R ) S AR A
Ko bR SCER PREAIE BN 1 R

F1 Topeoder SR EEMIES
VM| #R | B

HR 1% k| PRE | P RE i
Assembly 2 659 3454 782 335 29 830
Bug hunt 1532 2431 615 324 20573

Code 3145 14 073 4360 2301 76 382
First2Finish 4698 6 704 1349 763 52 446

4.2 ItEbAE

T PEAS MKDR A9 RE , A SCR 5 DLUR B FR e ik
Tk TS

(1) LibFM"™ 3% 07 ¥k Je 20 i 1) 56 T 45 AF 14 [ 743
fEAEAY . AE LibEM H T & 35 FIT 55 ()RR AIE e PR 4041
A SRR SRR . A OB IT & 3 R 55 (4R AE
RN A LibFM B9%iA .

(2) CrowdRex"™ : 1% 5 B I % 45 B D S0 AT 45 R
155 VR BRI i A o FH P SR B 1 Ry 0 228 ok R A5
AR AR . ARSI I & B AR 0 g s A 55 RUBi AT
55-4E A CrowdRex P A .

(3) DCW-DS"™ iz M T — A s S Tk
FRRAY ol RE ML AR ARAE Ry 0 2w K I R 455y L
B 3ME A R A . AR SORAT 55 N & 3 B R AEAE
DCW-DS % A .

(4) CBC-CN"™ 3% )5 e MDMT 45 B2 R HIAN
UL 2325 2%, #2854 I 28 AL W BR 235 51 . AR SO

SRR I R H AR il

(5) PolicyModel' " ; 1% J5 5 J& — Fh Ik FI02¢ 2 (13
WA HY i T2 A 0Ok A B2 AT AL g 2 ) S A
B ZE . AR 5B S8 e T 55 M
TR BRI R A B3 2645 .

(6) SusRec ™ iZ 7 Wl I K et it R 3 R w4
BBt . AL BERY BORHg R T & o3 o =2 s TE VA Bir
BOR T 280385 20 0 =M R RN I B 8 AT PE 03, AR
J A8 A B 20 % VF 43 HEAT AR A 47 e 2 1 T
H R SARSCTFEN L, AT S 510 SRSk
AT A A R = RO RIS B T A

(7) DHRec" 12 4 & THES PR 1 X
R fE A BE AR A8 1 T A ARG 4 i LRI R
OTRRARRTY . Ry T SR A A LSO AR SR BR i
SCHR P 25 28 10 201G D S50 TR AL
4.3 TEMIERR

Y PEAL MKDR, FeATTR FH TE 8 %2 (accuracy ) FUF
{78 034 {H (Mean Reciprocal Rank , MRR) 1 Ay 55 7l Y
VMRS . IEAR AT

2 correct(v, k)

accuracy@k = VEVT (15)

Hf  VERIESES . WREEITES o, kN EET
A —UA BT K& F R, W correct (v, k) =1; 75 ] cor-
rect (v, k)=0. JFOLEIECIA R B T RATHEER T &
TEFF b r B B F N P 0 BB BB, A
Redity . P A EEIE AT

N

1 1
MRR = N; rank, (16)

b rank, 2R HEFESN R P8 — > fi T YT R B4
FUGLE . DIHERE 5D TF R Lo, v, 050, v, B, HIGRME

TR H R E R 3 ﬁ%ﬁj@g

rank,,

4.4 XWEE

T 55 ST 55 A R A SO AT 55 1
KA DX 55 AT HEIT 88 & A AT 55 00K
P B S 6 KO 4 B 80% AL FE TIN5, 209% F T
I

TESC IR B, SC U I B O i7-10710 U A B 8%
NVIDIA®) Geforce® MX350 .+, 1.1 GHz £45i .16 GB
WAE, 64 i Windows 10 #4E R G0 . S50 IR 5 i g A5
N Python 3.9, PyTorch 1.10.1  Numpy 1.20.3. BAASYCR
AU R RFAF 1 18] [r] 2 48 5 A 50, 4 B A 13 R 20
A IR SR i A R 4R FE R 50. AR SCR FHBEALES B
R SRR AR AR | 22 ) 898 58 0.001. i FH PyTorch 5
M= 2R L AL —A> 238 1T LRI,
—A 641 R R R A Z . RS R OIS pR AL
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J& ReLu, i 11 J20# FH Sigmoid J#0 .

4.5 SEERIMNTIL
4.5.1 RQU:FEMIAREHRBFEATESEMTHMI
te7miE?

N T2 RQL, FRATE 4R A EXS T ik S
Xof FE 5 i R AT OB, VIR I SRR LB B (R R 2
JE7R T TR T3 1k S0 DT IR TR IE R 3 L A LR 2R

DCW-DS.CBC-CN , PolicyModel ,SusRec 1 DHRec #H Lt
F AT & B MKDR J5 ¥ : (1) 7F accuracy@1 I 43 51| $& 5
74.8% .85.8% .70.3% .59.0% .13.7% .16.9% F17.0%; (2)
1E accuracy@5 o 4 e 138.0% . 167.4% . 144.8% .
112.7% .31.5% .42.3% 1 15.3%; (3) {F accuracy@10 [
o ) R 164.4% . 212.4% ., 176.2% . 139.0% ., 28.1% .
26.4% F112.7%. 32 AR, AR SCHR Y 19 225G 2 R
5 B 7L E FE M 48 AR accuracy@1 | accuracy@5 Fl accu-

X4 2 WL 45 R i 47531, 5 LibFM . CrowdRex | racy@10 _F#fAG 4
%2 MKDRAZEMIFLLHEMNERELER
HdingE W FEBR LibFM CrowdRex | DCW-DS | CBC-CN PolicyModel SusRec DHRec MKDR
acc@1 0.147 6 0.130 1 0.1525 0.163 8 0.201 3 0.209 4 0.2253 0.236 5
Assembly acc@5 0.209 3 0.1579 0.1918 0.229 4 03522 0.326 0 03795 0.438 4
acc@10 0.2822 0.203 8 0.262 4 03227 0.5256 0.515 4 0.554 2 0.607 3
acc@1 0.130 5 0.1232 0.138 0 0.143 6 0.286 7 0.257 1 0.292 8 03211
Bug hunt acc@5 0.152 4 0.1439 0.160 8 0.1713 0.367 5 0.358 8 0.3820 0.447 6
acc@10 02121 0.1857 0.1953 0.2228 0.5120 0.543 6 0.578 3 0.661 4
acc@1 0.136 3 0.1429 0.144 1 0.160 5 0.195 4 0.183 6 0.2107 0.2257
Code acc@5 0.171 4 0.168 5 0.1720 0.209 8 0.263 3 0.2357 0.3312 03748
acc@10 0.216 8 0.204 0 0.2249 0.268 4 04176 0.4335 0.475 7 0.557 2
acc@1 0.1528 0.136 4 0.142 6 0.153 1 0.177 5 0.182 4 0.183 3 0.1950
First2Finish acc@5 0.1842 0.164 1 0.166 8 0.193 0 0.308 7 0.2809 0.367 4 0.424 1
acc@10 0.2279 0.193 5 0.217 2 0.236 6 0.463 8 0.4529 0.568 1 0.623 5
NYAIEAB S ot p— 3
PR LY RS R 3 R - MKDR )72k PR —

5 LibFM. CrowdRex . DCW-DS . CBC-CN PolicyModel
A e, MRR A 43 51 #2 %5 311.4% . 407.9% . 212.6% .
173.6% .36.0% .29.5% A1 17.5%.

%3 MKDRFFEFIXTEL /3% B MRR 5 8

T Assembly | Bug hunt Code First2Finish

LibFM 0.1315 0.105 8 0.8728 0.114 7
CrowdRex 0.0823 0.1124 0.071 1 0.089 2
DCW-DS 0.183 0 0.126 8 0.146 4 0.120 5
CBC-CN 0.1816 0.1533 0.159 8 0.147 6
PolicyModel 0.283 7 0.347 5 0.3372 0.305 8
SusRec 0.268 9 0.363 1 0.3726 0.3327
DHRec 0.294 0 0.3714 04223 0.3814
MKDR 0.3349 0.393 6 0.5212 0.483 0

4.5.2 RQ2:FASEEHNZE A UG RHFHERR?

91 1 RQ2, A SCHE WY B 4E (D) F b AT IH
SEHS, WEE AR LR A 4 B s L AR SO A
SRR AR R B MKDR A (752 w/o E) FITE | 3C
SRR A F 8 1 MKDR B8 (75 4 w/o context E). &
4 55 JEZRWT, 1G5 A A R T LS s A M g 4
SRR RIBAE ST . HeAh, bR SCEAR A A T
F 5 LARIR A TR, 0] DAk — D4 S R M fE

accuracy(@ 10

N N N
Assembly Bug hunt Code
D

First2Finish

14 MKDR 5 WD 5 2 1A B0s 45 L e g

4.5.3 RQI:EZEEALEZMAXZNEERERR
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