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Abstract: Existing developer recommendation algorithms extract explicit features of tasks and developers by mining the explicit
information of tasks and developers, so as to recommend developers to specific tasks. However, since the description information in the
explicit information is subjective and often imprecise, the performance of existing developer recommendation algorithms based on explicit

features is not ideal. The crowdsourcing software development platforms not only have a lot of imprecise description information, but also
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contain objective and more accurate “task-developer” score information, which can effectively infer implicit features of tasks and
developers. Considering that implicit features are supplements to explicit features, which will effectively alleviate the problem of imprecise
description information, this study proposes a developer hybrid recommendation algorithm that combines explicit features and implicit
features. First, the explicit features are fully extracted from the visible information of tasks and the developers on the platform, and the
explicit features-oriented factorization machine (FM) recommendation model is proposed to learn the relationship between explicit features
of tasks and developers and the corresponding ratings. Then, implicit features are inferred with the "task-developer" rating matrix, and the
implicit features-oriented matrix factorization (MF) recommendation model is proposed. Finally, a multi-layer perceptron fusion algorithm
is proposed to fuse the explicit features-oriented FM recommendation model and implicit features-oriented MF recommendation model.
Further, for the cold-start problem, first, based on historical data, a multi-layer perceptron model is utilized to learn the mapping
relationship between explicit features and implicit features. Then, for the cold-start tasks or the cold-start developers, the implicit features
are obtained through their explicit features. Finally, the ratings are predicted based on the trained multi-layer perceptron fusion algorithm.
The simulation experiment on the Topcoder software crowdsourcing platform shows that the proposed algorithm outperforms the
comparison algorithms significantly in terms of four different evaluation metrics.

Key words: crowdsourcing software development; developer recommendation; hybrid recommendation algorithm; cold-start problem; multi-

layer perceptron fusion algorithm; factorization machine (FM)
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Sy FRHERE R, WANRE AT R IV RS, DR, AN SO 45— B0 IR T 2 R I AN 38 IO A 155 280, DS Pk g 284
S
243 HT 2 BRI RL G H

i F R, T SRR ) FM HER S0 M R 0 B URRAE AR R A 28005 M, S RETEAT VF 43 TR, (R
SET A A G IAR, Db S AP HbIEAT G T, BAT 1Rt — T 2 B AR R & 5, Wil 2(c) BR, ANEE
TrPAFIEAR I X, xa, 20 RN FM HELEAEURT MF HEAASRL (P TS TR, B B0 558 1 4B b 28] Ll
X IGTEFATRM. T2 025008, %t 2R M Softmax B EEL. X T4 FIREARIA xO e R", Softmax
TR B BT 2R TR pOy = JIx©@), (=1, 2, 3, 4, 5), Bl x© @ 28R, AR W

PO =11x":6) e
PG =2x;6) L e
So(x?) = : == : ®)
: e"zT"“)
p(y(i) — 5|X(i);9) =1 eg;'x(i)

J=1

244 Z BN A BRI S R A

Wk, TATOEGS H T AL RIS R 3 A2 G 43, BITH 1) S 2URRAE 19 FM #5500 T ) B
FURFIE ) MF 97 VL RIRE T 22 2 A 28 IO Rl 5 3005 . AR /N5 285 5 I A P A% 0 e A0 3 25 2 e (1l
Zrid R

(1) FM H MF Il 253 2

SHFHIR AR, o7 5K BAT I BERLEI 23 2 & 4, HEAT & 748 SUHAIE, 2 FM ORI MF 5340 285, FIH
WA RN T iS4 FM Al MF B34 T Y11 45

(2) ZT Z R NS BE I gL 2

15, PG T 2 B AN M Al R 1 I SR A a0 T

1) BERFAT PR BENLRI 2 & 3, BFOCHOE T k=1 43 V5 B Il 25 FM A MF, 100380 (18— 43 7 2 Bl 1047 15
. Gngee e k Wk, 0K FM A1 MF P00 VE 23 A0 S 80l & 0 i I 208 AR, A M B B S W) IR v
I EL

2) BRF EIR VN ZRBE AT A IR UE B AR, e B T 20 2 TR AN 48 1 il & B2 20 1 B 35 AR 22 78 1 /N B80 dse AL
IR T BARETE A GG EUIZREE T2 2 B 28 1K A5 1550,
2.5 ABEIBERSH

RUEBRATC L T 2 BN 2% 0 Rl B A 2 R 3, (R AR 3 TGV A v )3 3 ) R, X 2 BRI A A4 45 MF A2 28
FEN ST R rp G AR i BT 25 1R e R AiE, AT GV LR T A 20 (7) KRBV 3 Bl In) . TR, 3REA JE BT
55 1A W R AE 5 £ DAL 72 ) AL e P D 2 P BT 2511 0 sURRAIE 5 [ SRR IE 2 B RRAT S5 I AN A, R R R
BRI AR DG, kT — S, 1 S0 A B A URA Ak 3 B3 R AR LR O 3R, 8 17 5 T~ IS 5G SR MR 9 R AT AT 55 1) 8
TN T 1 b R AIE T SR R P B R AE, TR FH 22 S22 A 24 1 Rl 75 RS 28 5 1 P
2.5.1  JEF 2 BB AN A 1) 5 s URRAE 21 56 AR i IS A

PATHG I TPy s B SRR IR AT 45 38 T 2 1 00 2 QARp i 0 B R TR AE Dy M B UM 5 50 A P s N 0 i S o)
WIZRZ S AR, S B b xR AT 281 B s URF A R SR DG R, ] 2(d) FiToms.

2 JZ RSN A SR O R HmT BASE SCA:

V- v ©)

e
"2

Horp, v ARG i AR ARG, Vi Db 283 i R IRV SO R A 45 1 B2 aCRFIEE, m ok CATAES5 AN B
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2.5.2 ¥REMES LEH IR RS
TEE 2.4.3 5, AR T3 T2 Z BN I Eh & 5%, T Z R IRATT LR 5 5 IV =F(x), x,),
Horp ey JETH AR 2URFAE 1) FMOAREY BT 15 BRI VT 2, x, A2 T 1) B CRRAE 1K) MF HERZ S0 BT A3 BT 4. O T4 FH 3
T2 ZIEEN S A LT B BESS thew LI R d RS, 15T B AT S theyw LT ] BRZURRAE
(1] MF HEF SRR T R d RS TGNAE, AR HE A (7) 7T %0
Frnond = 44 Pty (10)
Hrr, p, T CAIH L 22 2 AN 25 WS 50 R AT T, AR5, ¥4 7, o RNIE T 2 Z AN A A 500k, RIEAT S0
B IREESS te, DIFRHE d RS
253 WRBMES LB IT K B S i
5% R84 L EA IR E s 2R, A HZ TR A BB TN 8 BT 5 thew LT R FE dpey MRS,
BT RS M P W T
Prnowdnon = Dy P (11

A AT VRS> TR
26 B &
Bk 1 45 g5 G B R E RIBE SURRAE (M TR R B IR A EFE 575 (DHRec). Ay T HEIA T (8, FiE A A E 3)
{E43FF¥4 Ja sh T K WIPE 2 Fou 5 .
B 1 456 BRI AR SRR 1K T R TR A AR B2
BN AR -TT R E-VEDFERE R, BHAESAEE Info_T(i=1,..., m), B JEETE4%15 B Info New T(=1,..., m;), OH
TFREAEE Info_D(=1, ..., n), ¥IH ) IT K #15 & Info_ New_D(d=1,..., ny);
i Top-k JT R HHEAZ SR,

1. [Task;, Task,) = Task feature extraction (Info T,| =1, ..., m. Info New T,|t=1, ..., m))

1B A RS TV JE B AT S5 BIRFAE Task; #1 Task,

2. [Dev;, Devy] = Developer_feature_extraction(Info_D; | j=1, ..., n. Info_ New_Dy | d =1,..., n;)

BRI A TF R ANV JR BT R L Dev; Al Dev,

3. [Wo, Wi, 9;]=FM(R, Task;, Dev))

JIAE CLIIPE I AR b2 T A SR UEYI 2R FM BERY, JFREFH LK) FM 28000, Wi, 9, o =1, ., N

4. PPM =FM(Task,, Devy, Wo, Wy, 9;)

IIRIRT M BERSTRGN J5 BIAT 5500 7% R B T KB I VE o) #EM

5.[Ui, V;1=MF(R)

JAECERVEIS R T A )R UE I 2% MF B, JESRGILAE S ML T R E RN &, U, v, , =
1,...,mj=1,..,n

6. T=Constructing_training_set(R, Wy, W;, ¥;, U;, V)

IRE IS4 T

7. [W, BI=EMLP1(T)

IHENGREE T LRI T 2 RN 2% (R Rl S AR 7Y

8. [F, F>] = MLP2(Task;, Dev;, U;, V;)

IR 22 SR SN A B A SRAHT: 55 S AURFAE R B AURPAE RN SC 3 Py, DA R Sl sURFAE AN B URFAE R R 2R Fy
9. U,=F(Task;)
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IRV RIS 5 & Fy SRAFA S AT S5 B U, Kb =1, my
10. V,=F,(Dev,)

IRV RIS SC 5 Fy SRAHA SR ST R IBE R IE vy, Jeh d=1,..,
11. PMF=MF(U,, V,)

/I MF BEBSTRINTA S5 B 55 X574 58 B T R & R4y pMF

12. Fq=MLP 1(FM | #4F W, B)

I FML BB ME SRR 7 5 BT 404 B TF R 2 109 R 2 0 3 e B R (05

3 X I

HEARTTH, FATE Topeoder 2 S FEAT) V2 (19 %6) L 51256 K UF W i DHRec S35 A7 2501, SE 8 A BT &
Jy 4.7 GHz. i7-10710U CPU. 16 GB RAM Fil Windows8. iX 85 : /2 T Python 3.0 7E 3 N ITFURML A% 2% > )4
Gensim. scikitlearn fl Keras [ SZILIK . ASZEIRAT L SHAS I R A ) S

(1) BB EA PR EARFIGE RS BA ARG S5

(2) RSl 5 6 16 3 URRAE 5 B SRR IE 2 75 R 8 SR 1 S I R4 1 e 2
3.1 Topcoder H3EFREL/ 4B

TopCoder “F & [M1E:55 K2 LUSe 3B 2XURAN, ASEE b, TATCHUR AR R AH G 10 56 F-AT 55 B8, BL4E RSk
. AU GRS . B, 55 1 35, #E Past challenges I, 1% 503l 58 7 e, TEEUITAT AR 45 45 &, i
bR, R HoRbRZE . KA HEASE, 8 2 25, MEAAGAMT 45 U1, 42 DETAILS UL [H] HP$2 AT 45 1 sk 4 i
B4 kAT HHIE R, 3 3 25, ¥\ REGISTRANTS T, 3REUATA $2 AL % R 1 T R & 15 B, GHIT R & 2K
TERAE TR B IR 05 5 4 28, HENBEANTT R UL, $280E M B, JoA 1 — a3 s B 24 5l &
&, IR T 5210 MELAN 286 MNIT RN AAE L R IGERAE.

3.2 sTEEEE

ARG AEAR SCREE NG Rk, BATTBE R A R A T

(1) i s RFAE 1) FM HERE S (FMRec): 2805 0CR 5 2UE B EBURAE, 285 R A FM @B [ FFAE R
SRR, W8 FM SE B R 2 M 4E R £ IRRIE R A {5, 10, 15, 20, 25, 30, 35, 40}, 1IEIAE S50 A (K
J )£ {0.001, 0.01, 0.1, 1, 10, 100, 1000}.

(2) THI 1) B XURFAIE 1) MF HEZE S (MFRec): i 8E SO Tl SR REATHE S i, (RZ 5014 8 30l L, %
SRR S 2.5.1 37 HR (122 J2 I8 A0 s e ¢ R A8 7 v sl IR 8 SR 280 W R A 190 e e B2 B IR T A 1)
2R RIS LY {5, 10, 15, 20, 25, 30, 35, 40}, 1E NGS5 A A FE 442 {0.001, 0.01, 0.1, 1, 10, 100, 1000}
33 E=iEtr

PAVILEFE MAE R RMSE W84 PPN P23 T0HI ) v 2.

MAE=" IFia = Fual/ 1T (12)

(t.d,rig)€TE

2
RMSE = \/Zamm (ria=Fa) /Tl 13

Lo, g By 5Y TARTRAT 55 AT 0 TF IR (RSP S0 R 43, T S TR A
S, AT LR PR 0 4 ] S A B VP 4052 45 SR 0
DIRONT @)

T,
Precision= "2 (14)

D IR

teTy
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DURONT()

teT>

DT

t€T

L, RO A T(e) 4302 TR RN BLSE (R 51 3R, T FRom R AT 45 4.
34 NSRBI ES
340 EFWA R SMES A OB R E I

5%, PR FE R BRAT TR HLIE £ 80%, 60%, 40%, 20% AT 45 RIAFAMT 55 Bt I JT & 38 BB AT S 11 255
%, 30 TR80, TR60, TR40, TR20. 3 3K, W FI4 20%, 40%, 60%, 80% T2 HEAT Ik, 1 E MR B b 1 TF K
BB T i AT T R 2, BRI, 5 TR AT 45 0 B (R R 38 2 I G 58l o L B i R R 3, WIRKE AT %%
FIRF N R 0 HcHE 0 N R H0CH A D0 < 5. 9 8 S ) A 24 id 2 TE20, TE40, TE60, TE80, A T+l
MAE F1 RMSE. Q& 4 JiE45 A REBAR QS 10 MES T AR, 155 165 3 8 MES5 AR ILCIE
B 5 AT RE di—ds FVGEIR, WATESS 1o TR 2 MCHIFRE dys ds BEIMABIIRBE o, MAT5% 1,0
FRER 2 AN FFRHE dg dy AEECA TR F B 5537

Recall = (15)

TRk
d, d, d; d, 8 d; d; d,
h 2 4
t 5
f 3
[ 3 1
f£ 6|1 3
2 4
L1 3 4
L 4 5
L 2 4
by 4 5

4 YNZREER S5 MREHE R R R

TEE B, O T IRRAENG %4 7%, %} ik TE20, TE40, TE60, TESO it —sB bRl an R : (1) Kt KT
SET 4 BIBRIC A HETE, B VRN T 4 RIARIC D AETE; (2) IWIISE S5 h s P BAT HEF T A H AN Hoad 6 /A
AT R E AL 4 NS, W TR STRIER 6 MELEIN TR E 4 DAL I R 2 4R
&, TR UEA 2 R0 4 B %, SEIS T BRATRA 10 $728 RIF T S 80 AR
342 EFRIA R BT AIA R BT R D

H T VN AL RS YA B A E RS LR IOHEREPERE, 14k, RAL 28 3.4.1 1AH IR U R0, SR )5, )
AR 20%, 40%, 60%, 80% 1T- 55 BEAT Ik, CriF- WAt o i) 1 2 38 0 I 2Rt b AR tH I R T 8 (RIVS JE 3)
TERAE). D, 257 5T 4 A 55 08 B 1R I 5 3 2 N 80 vh A Bk ) T 3, UK 1248 25 F0RE IS T 5 1 s
DN ZR B, & 00002 35 5k 5 (IR 2 dE thid A TE20, TE40, TE60, TESO, J -1 MAE F1 RMSE. 7] L
KRB, BEAE U B AG 2 28 3.4.1 S e g . FFE A T IR kA % 44 (Rl 26, %) & TE20, TE40,
TE60, TES0 AT U2 3.4.1 1 BUAL#L.
3.5 LERS5HH
3.5.1  ASCHEARLEAL

BAVIETAZ XIGALH E AL M B S HEUE, B 5 T 6 451 T FM H95F1 MF S0 R B D 7 1) A4
£ fRNENALSEA S R MAE (BB DL 5 T5E T2 B RN Ml & 5%, W BRBZEEECN 1, lBET
RABEEEERE R (2,3, 4,5, 6} B 74 T 5T 2 2 BA0E I 5 S0k T A R R 219 s AN B L1 MAE {8
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IR . 6 T 55T 2 2 R A s 11 10 04 1 2 B R TE S A5, ot THAT 25 10 A IE R 145 4, BRATIR B2 2
BASRAEEPE 2 E GRETE D AE 3 E RBEE 2) WA AN IUEEE b &, = {120,110, 100,90,80}, ks = {70,
60,50,40,30} . HT-FF & # (1 W RFIE A 412 4, AT E &, = (220,190, 160, 130, 100}, k; = {70,60,50,40,30} . FiFl
TEOLT ky F ky RIS HUA G 1T858 MAE G018 8 719 fizs. Bl 10 45 H T SN kAR SIS . ) A sz
e (1), A S-B 9 iTLUE H, ARSCEVE N S FRIBEAR R4 L REARELS A, Fik,

BB R VI 25 K B T AT 2 HOR DA REIR U FE I AR RE.

Average MAE

352

Average MAE

Average MAE
oooo =
OO OO O

WORR® S

TR0

%
KK
XSRS
SIS
AT
RS
S

Average MAE
W —=NWhkWn

TR8O

e
=}

g g
S W

K7

K8 ALSNGILF 2 )2 AN s 5D ky 1 kg ANIF]

ZERXT
A DHRec 5755 FMRec #il MFRec ST 7EMA4E L1 MAE R RMSE %} Lb 45 B nsk 4 Mk 5 PR, HEH%

Average MAE

TR60

§ 1.01

3 i

= 0.99 ”'\"]M \"!I;_““'O'O 0

: DA

£0.97 "0'«//1;’"1/‘.“\\"("'"-“/

5 o,;g,l,,,';;d\\\\\.\'”\\\’l/

2 095 """“\“33)‘"“ WV

CE % 35

; \0’\/2 5 15 2
ogp 3 £

Average MAE

E

= 1.05
= 1.04

S 1031
1.02 (@

C

Avera

K 5 FM SVEAN R S BCUEN I T35 MAE 15

TR60

5
A
K
IR
SEIHHS
K IAIIKINR)
KBS
)

Average MAE
W =W AWL

Average MAE

TR40

Average MAE
Lo DR

K6 MF SykAN R S BN N 738 MAE {i

30 TR60
9

w9 25
) 9
S 2.
£ s °/
2
Z10

?

o
W

TR60

Soooo

AN W WA
Sn O Wno

[N

3.0

Average MAE
= = NN
S o o W

o
W

Average MAE
coococo

w2

[SICRARNNS
SLSUnS

TR60

TR40

Nw
wn O

Average MAR
)
S

HeT 2 SR AN R R A SE AR BUZ T RSO0 Y -2 MAE {5

TR20

Average MAE

SR AR NP MAE {8
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FEEZE 11 FE 12 s

R BIT R I DL.

Average MAE

TR80 TR60

Average MAE

56 B XA AEA e XA AR 09 TF R ARG 5 Frik

TR40

Average MAE

1647

SRR AR 11 AR R BIES M E A TR BTG, 4 5 AE 12 3% 8 sl 5 A

TR20
0.36
0.34
0.32
0.30

“ A

Average MAE

i\ “.‘
N
Y
Y ¢
WY

Ko JFREN T 22BN ky R kg AR SEA G XS 735 MAE

20 22 28
26+
1.9 r 2.1 L 2.4 |
18} 224
2 2207 2201
17t 3 S8}
19} :
16} 16}
| 181 1.4+
15 ol
14 1 1 1 1 1 1 ) 17 1 1 1 1 1 ) 17 1 1 1 1 1 1 )
0 50 100 150 200 250 300 0 100 200 300 400 500 0 50 100 150 200 250 300
FM 53054 8 MF 53054 5 2 2 RN AR A SR S
0.26 0.40
0.38 |
0.24 036 |
0.22 034}
" " 0.32 —=— TRS80
2 0.20 2030t —— TR60
S 018 = 028} —— TR40
: 0.26 —=— TR20
0.16 0.24
022}
o..4p T o20f . . T
0 50 100 150 200 250 300 0 50 100 150 200 250 300
(RS AE LT 2 R aik AR AL TERAEBLT 2 R R 2= AR AL
10 FSAEERIEABEUIE B
x4 ABREIEEMEH I RE L MAE F RMSE % H
o MAE RMSE
TES0 TE60 TE40 TE20 TE80 TE60 TE40 TE20
MFRec 0.9525 0.8927 0.8494 0.8154 1.2636 1.1873 1.1272 1.0763
FMRec 0.9159 0.8736 0.8315 0.8068 1.2051 1.1342 1.0934 1.0390
DHRec 0.8933 0.8648 0.8205 0.7603 1.1598 1.0827 1.0497 0.9716

MRS BT L Y, 3 Rt b sk b, A S92 (DHRec) 51 1] 2 2URFAE (9 FM #7520 (FMRec) I8 T
1 11 B 2URRAE 1) MF $EE 509 (MFRec) B — ML ARXS T IoAh W Rp %, AR SO VRAE 4 BN RS AR =
BATW RIS, Hoh 5 1 25 30 5T MAE (68 RMSE 76N R R S 8 H A 7 v 28 /S 8BRS 0.022 F
0.052, HERZEAN A [ RAEAR R MIRLE b BV HHEE 13.48% F 11.38%. 5 2 KB JH 35 MAE {HM RMSE
TEA SR B2 /DSPHI BRI 0.014 F00.047, HERA 2 AN R 20 A RN B2/ FI3R & 13.36% F1 11.29%.
B ARG R ) R (2), LI 0] 45 R 78 4 Ut B Ba R 2 B SRR A R0k 78, W] AR AR B U 0SB ARG
T S0 E R, T 454 B AU IR e AU IE RR S SR 15 S R4 1 e
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Precision at top 4 (%)

Precision at top 4 (%)

Recall at top 4 (%)

Recall at top 4 (%)
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K11 AR s S A T A L HERf 5 £ [0 500 L
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X
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40t S
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=
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15F
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Precision at top 8 (%)
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K5 RIHIMTEERE B S)TTR#EH L MAE R RMSE %It

. MAE RMSE
Sk TE80 TE60 TE40 TE20 TE80 TE60 TE40 TE20
MFRec 1.0023 0.9088 0.8603 0.8356 1.4149 1.2178 1.1351 1.1030
FMRec 0.9548 0.8807 0.8412 0.8162 1.2367 1.1442 1.1265 1.0597
DHRec 0.9437 0.8725 0.8359 0.7866 1.1854 1.1280 1.0716 0.9937
4 & it

T i) B AR Y- 65 T 5 A ) AL, A SCHR HH oA 20 1 S R AR AN B R R K T A IR SR i, B
FEO A IS R SE B, R B . g P MR AV R s . 2 57 i FM AT MF A
TG 3 AE A B R AR 5 R R DG 2R, DL 22 o SRR SR A R 1 B R R A 5 T FML TR A7 A 2
FHET MF [HETERL, A RO e BE e . Mg MEXERE. 228, A BT 22 20 4 1 b URPAIE 21 B Uk
LTSRS 5% 3R, Mt AT LA L 74 A B AT 55 5 J B T A 110 08 2RF A SR AR AT N2 F) B SR AIE, T A 280 o v I sl A
7. 7£ TopCoder ~1- £ £ £ E RIS FL SR 78 70 R WA SCEE T LA 204 5 S s AR AN B AURAE, AT S04 44
PERE. ASCOUEN AR 55 HEAT TF A HERE, Ja S AR Fh BA TR REASOREAY, SCHLER G T 5 3 IR S5 HfERE. LAk, Bl
75 FE N T 48 1ot BT HR T R B R R ) T R A
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