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Abstract: Efficient personalized search service can bring great convenience in the production and life. With the rapid
development of Internet technology, personalized search and recommendation task tends to become increasingly complex
and is a hot research topic in the field of big data analysis. Personalized search and recommendation algorithms extensively
collect user-generated content and obtain users’ preference information. By using various machine learning, deep learning
and other technologies, these algorithms build user interest preference models, predict users’ behaviors, and recommend
personalized items. It will improve users’ experiences and commercial benefits. This paper introduces the description of the
personalized search problem, and reviews the research work on the personalized search and recommendation algorithms for
multi-source heterogeneous data. It includes traditional personalized search algorithms, personalized search algorithms with
multi-source heterogeneous data and dynamic personalized search algorithms. It sortes out common data sets and evaluation
indicators, and clarifies the practical application scenarios and development directions of the personalized search methods
for multi-source heterogeneous data. It also discusses the deficiencies and challenges, which is expected to be helpful to
researchers in related fields.
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Fig. 1 Diagram of personalized search and recommendation algorithms with multi-source heterogeneous data
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Fig. 2 Diagram of personalized search task with multi-source heterogeneous UGCs
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AR S8, X LEmE FU A 2K 2L BLR 34N T
B HAMEHACRRENE: 1) A RN A4
AZ 245 JE S T i K AR B 4, X ARSI R
A EATFWNERTR] AR PE, FORE SO0 = A0 P X T4
PRI H R R . RN IO P A EAT Y
P S AL fr R I, i 5 FH P 4T D9 B3R 2 R
K&, BRI FEAERR RN L ; 2) /£ H A
PEAAR R RE P2 5 35 = o 0 2 U S A B, AL RIAL
5 ) R P 5 I BOR, Y288 H P X4 i, @A
F s PP QR D F 7 PR DB RO R 5
6 3 AP RE A0 A 2R AT BE T 17 3) Bl A N TR 9
Mo IASRIERS B S EEIN, T D4 i 4K i A 2l
BN, FRIEFIGUGCs 5 L, RIS E MR
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AL, G SRR, Ind AT S AL
2R WCSAGRE, WA e S MR IR AIHEREAE 55
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AZH BT, RS2 2 U8 5 M B, S
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SfE R, VIR IR A BB RS AE RIS SURHAE
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FONHERE. ST IR P P A ) 2 H e P P %
I IFASEAY, Bevt s A A SR AR SR B SEEL A,
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BN ARG 5 ST AME A R AHEREAT55.
4 WHBEE

TEAMEAL 8 2 R S S0 4TS, S 7 B
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T A TF RS A AL A SR SR, 2, E
N TFF R B 6035 Hh A S BT TUMLA 2 T 1388 P 030 4
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R B B R X Tl R £ 2SI 52 B A
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RISER AR,

ST P 2 FF A S L 48 030 3 PR 1 BB

T TR AR AT RN A, g B AT
TSR FH 038 FH A PR AR RS R AR SR LR,

BEAb, I — L L 2R | S8 R 4R, U Kaggles®
FE . NeurIPS7% %% . WSDM 3% % . RecSys$k il % . CI-
KM#RALTE B B 2 R R SRS HdR 4R, i H T4
PEAAR AR R IR 7E TAE.

P RA A B0 4 3 B T Ak T AL 55 75 2,
T8 I A P R DGR T TR T B HE A R b N S FA A
B, ZRBIEERANBE R BT iR
B AT RGE R . AR, BT R R S
SRR ZEAMEAFE, R Tl S IG5 UE A %
TiAbh, F5 I ARATAE B SEBRIE T 7 SR I A 4R, RHE
N AR TLE BN b B AT R B BT 5 40, @ r
F TS Bt 72 1 S0 A 4.
5 TR IERRHIVEO R R

PR FRAS AP R T AP R AR
BRI SR AERe, VPN T ST N R IIVE L R
P AIFELR S, B 2 VP AL HE (58 FH B A R SR A 15X
AR, 1IBAT Z PR R ANHESE Bk, 34T IR &
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AP P I HERE R SE il — R AR R AL
BAES, A1 — L5 T P AR SR A i, W Ik If:
LR AT, R S Rt I AT 9 2, T
BAAIRAR T. FE 2 SLG R TR M B AN HE R 5

R T B R SERR R G0, FEANF A P IR iz
AT SRR EE, AT RAR S, JFal s b dir A
X T RGN IR T S s R — B BRI EAT N
KPR, T RGH S, SRE TN EIERITERE
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Table 1 Description of common datasets

e HmbEfing
MovieLens!?>2%367174821 ty GroupLens#ff 7t 41 A B JE Tik KA 2L AT B4, B P S R FEe AR, P

Ir~ BN R AR E .

Delicioust!! EHEESE, &6 TiH . Z90EM. #528. BRI 3T P48 R EHE.
Jester!”? HHKen Goldberg FMth 7E M R 241 e R o0 Bk e i Ze il B 4, A P L 5816 YR R
EJFE.

Book-Crossings*® 38! FHCai-Nicolas ZieglerfR #ii Bookcrossing.comt [X 4 B 38 1) & HVE o B 4, &6 H P
% BBER. P BaaPr e [ E.

BN BRSSP BLIRRAE L e SRR IR KRBT I

Last.fm!©0-82.109]
8]\ #E2E LR S5 B
Wikipedial®®!
Netflix! 144!
Amazon”ms’ 81-82,94]
Epinions[5 3,145]

Yelp[22—23,41 ,53,57,71]

Ciao[53,93, 145]

Adressal’® 107!

AOL search log!8%- 104!

CiteULike** 73!

YRS ERHAREE, A RRIEVESY, I - TR M i AT A .

R4 B AH B Netflix @27 1 HEE PP B4R, G B s PR A58,

FH N Je K 2 2% X4 e Julian McAuley Z5 7 7 [ A ISCHE 2 2 11 3. 1 b At 4, 675
RS TH PR FRREE IR FH P SOARPRIR . R S5 5.

KA B AER s Epinions, &4 AP H L PEAr BaaUR B PR FE A
% SRR ER.

A 5 L 5 R I PP 935 Yelp, WOAE B B 3 i 8 T i 48, B8 AP T L VP43 200A%
25 SURTEI | I RS,

FClaol TAEX, 43 FP S TUH iP5 B 2R BIERRILREER.
ALK 5 A Adressavisen & 1F Hi iR 8958 88T 191 171 7 P ik Adressa$i 5 48, G175
JOLHE S BRA. A AR AR 0 TR OE R WA E . RS S E] . 2150
FEEE.

MR A SCRS 31 2 b I BM25HEAS , W B SR 0 H S 8TE 4, 4% F o P 3. iy i
i) S0 H SURL. URLIEIEHES | 2xifid Fass(s A

B E CiteULike BB, 8 fE# . SCEME., ME. W32, KRB, P, &

8] 5| R R AEE S

AR R ANHESE S P TR bR AR ZPE25 5
YRR, BT R A TR B L HEFE S RO
HEFP - HERRR . P REG  IN R R A2 . R G B
S5 5 T AT R b T B R R A SR AR AR
Bl BASE . @t ZAbRe 7 HERE R R b =
B BUH B 2R BRFADRSF S & B AT R 55
XL BT T AMEAGAE FOHER SR B VA 7 20
O HEFR 5 R I DL P HERE AR S X BT
3 A AR A AP R HER R B M REVEAN
FRbREEAT U5 AT, A R BT PN FE
J55 A FH FRUIIAS R A0 B HE 7 1 B B 4B .

1) FEEVFI TR IAS BE.

K H#4) 75 #R 1% 7 (root mean square error, RMSE).

P 15 46 %1 1% % (mean absolute error, MAE) 25 -7 15
P, 7 5 A A 2R R 2 V25 0 D 2 ol o A 12,
R AR T:

Z (Tuz - fum ) 2

U, T E Riest

RMSE = ,
‘Rtest‘

3)

MAE =

Z ‘rum - 72um | . (4)

’Rtest’ u,x € Rest
Ho: Ryest RN MR EAE L, | Ryess |2 MR AE HH 1 2K
PEE; 7 R F P Xt T H e (B SEVEIY; e N
SOFAGTHI Pt T30 B 2 Iy
RMSEMMAE @i v+ 5 v 7 5 L bR iF4r 2
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5 R A B4l %

B) A 22, i F B2 A PP 20 TR AG 2, LB, 20K
SR PV 23 TN AHEAff 1 =

2) S A T R

K F Y 2K (accuracy) K #ff % (precision). 7 [F]
Z (recall) % G\ # TAF $F 1L #h £k (receiver operating
charateristic, ROC). £k T [ #X (area under vurve, A-
UC). F-measure55&$ap5, HEAT IOMAERE VAN

X e — I H 23K, @A 4R RE
K2k R, H IR HEE (confuse matrix) &, Fort, /T H0
F153 B INFEA TR 3 AN FLSE 532K, R 2.

% 2 AR
Table 2 Confuse matrix
TR BE TR 9 B

SEPRoARHTE  FHTEREER(TP) BTN (FP)
SKhONBITE  ERFRTERECE(FN) BRI (TN)

Gt EIRFR A SR ok I H SR, AR
R

N B #TP + #TN
COMACY = TP L #TN + #FP + #FN’
&)
TP
Precision = #ﬂ‘]ﬁé—km’ (6)
ATP
=7

Reca ZTP + #FN (7

JHH AT A LS PP HE AR 2 B (i e A A, AT
THE I H HE 7 51 32 1 Top N K B 2 (40: i JyPreci-
sion@QN ).

FR i ECRH R AME BH 2 1 L 26 ih 28, TS ROCHH 2k,
FoRH P ENITE & E 1A gL, I
WTFHROCHIZE N FITHAAUC, 2R B2 IR AHE
FESEA Z TN

ZR & ROCHIZL T 48 R F-measure, FASEHL
PR RR A A R A IE, TR

Fegx Precision x Recall . @®
Precision+Recall

3) frEAE R,

TEAN VAR RANHEFE SR, F - A ARG
H s e PP B LS O AR bR, TR
3 UM AERA PR AN B ORAIEFH 2 3R A5 = i 48 F AR 5,
X PR oA P B 3 RV e 5 AR b AHE S T P IO
EREITE . R, k5K firHh # (hit ratio, HR). ~F
5 tfE #f % (average precision, AP). - 33 #E fiff % 3 {H
(mean average precision, MAP) 15— 4k 47 451 22 A4
#i(normalized discounted cumulative gain, NDCG)%§
FRARIHIE N A R AR L I HE P PR Re, T B
VAR 2 KIR L B Re s HEma 10 A -~ 3 T = 00 H

IRBFREFE, BB 1 FH P 3 s A FH A4

i) A,

HRZFR MR RANHERE S EHER 4 FH P 1) Top
NILEFIH, F A Ot 1) 50 H s s g b
F P ST H S BCE  Ee ). % 2w AT —
X Top N#E##, HRUFE AT

Hit
HRQN = ek )
Horp: HitZ s AE Top N I H HEFEF1Z2 b F P (i 14 101
H R |GT |2l s 5 v F 7 5 X0 30 H 3
=,
HR & | 5k AT HE 43 1A 2o, HRAN
BT, Ui B BEHERE I R R LT

i) “PIIUERZE.

KT HERE S5 T P S8 AR 1 2 AT T ) 3
H, Bet, HE7 51 2 HF P 5 A i) 20 H 2 15 2 P B X
(IR, 0T T FH P 6 58 B P A 28 O L L
APZEE TR T AMEAAE R AHE R SR HE 7 M e
HEFEER L S F Pl R, Honr T Top NI H HEF 41
Fe =R I E HEFIR Bl B U

FE LIRS AL AR A T FE v, (R P 7
Top NI HHEFHFNR{L,, Ly, - -+, L, }FREFE T A
WEH, MAPE TR

)

1 ¢
APON = ¢ 1221 position(z)’ 19)

Hrfposition (i) s 2 /NI H H 2N H
TETop N HHIHETF AL E.

R U Top N A 2 A, FH P =0 30 H HE
i, WAPQNEBK, RmFIERHE T 1 Be N4
TR R T, B P B AR 56 Jak R i = B R A
FEIR AN TopN #I=H, A R P ERDE, 1
APQNE A0, R IR AMEAAEFEAT 55 R I

iii) “PIHERRIME.

MAPZ MK 4 o B A F P PP AP, &
AVEACTER 2R BV M 25 A HE P 1 e AN HE 2 HE AR
P MAPIHFH AT

MAPGN — 22 S APON(), (1)
q=1

Forf: APQN (q) RS SR S o 85 T (AP@
N1H; QRFTH N P 40E.

MAPQNAEMK, R FIE I HE P AT
K LB S, S I PR T R A AR A
W

iv) H—fbdfrin BRI .

I 26 (cumulative gain, CG) K7~ 44 &2

I,

LRI SRAEME RISV E B HERE IR 15
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TR
CGy = g: rel;, (12)
i=1

For: vel R on B b T 45 FAH oM, N RS
PRI RN
7451 B A B 7 (discounted cumulative gain, DCG)
FECGHIFER ESIN T AL BRI EER, THET:
Nl 1
DCCY = 2 v 1
HEAF 25 R AH R TR, B AH S ML i i H
FEAEHER B ZR AR, WIHER RO, DCGBUX.
FEAS R FH 7 HE 35 51 2% 0 VR Al o Bk 47 3 — 4K,
NDCGHHH U T
DCGaN
NDCGON = =L, (14)

HHIDCGHR /R H IR Bl i i A7 45 R H1 3R

MVEAL IR R AT R G R A R, AL S
HEFEVE ReFR bt AT $8 R IR AN HERE 45 2% 5 PR
[, 75 AR A 78 A 3 T IR N BT AR
I 7 BAE R T -V Fa b, e AH R
PP T R, IS BT S B 3 S AN PR 3 2 A
HEFE R ANV IR R, R =S P EER S5 R
PELIIEEE S
6 SCBR B I KR AT

TESEBRAEF= L ARG, AN A SRR3R
P s, 9 P47 00 H 8RN B HERE, 1 VRS
B n AR5, AN NTH %A1 %
A AR SS B A bl 2 FH P SRR, AE T
3T 2 W 1 5 S nT B S B 5. R TR T —
L R (AN PRI R FERE R G SR I FH 3 5.

1) R ESHESE RN .

T RIE N VR ENARFEE R
HAHESE, FIH SRR R AHEEEOR, #hHUH
P S B T BN AS 1B B, ST IR 55 B v,
U FOEEHESE . B ORI L e iR . R AR L
T 645, R8T 2 W A 37 5. 1 1A BB A
PR R A S KEFE N2 TP AR
2%, W SCRVFRAE B 2K L TG B #3850
WS, [FE BB R RS 7 AR,
SR A R X B IR0 R 2R R
FMIEHE, HhECE (S B IR AR R, fEm e L
R RSB MEREASE bR UR, sSEIH - 5
P& HHEEA], IR G R Bk

2) BENHERSAEEN .

TE 295 REARITAR, B BN F2 3 Al 45 1) = ik
RIS FE 5% P AW, A8 B MR 2= A
TR NFE D) B IR EN T 04606 11, ARG 454

13)

7 L FH ) P AP 2R SR N 2 4 SR it
Ze P, T R RS Eh ELIRAR 55 HERE NI, 7 5 R8RS BN
TG B IBIETE. ZREESE, W AEIRES . B AL
B s B B AT HEF I (R4, I 4G A Bt
Y5, TG R A R A O H , DUIEh A IS
SRR . BEE M SGRIR I R R, 1E5E &
Bl A R R SR I S 7 TR AT B St i ey
e A A B H HERE 25 538 1 P R AR Bl LK
FHEAE I FH I I (4 S8 1), (RIS 953 P AR i e 0
AR SR 2% B s A bR, 1 e HRE 4 S
I R RS P 5

H MEE TP R JE M RE R G i LK, 51k T
IRZ S R TEN T2 R, 120 2 SRR
FRAHESR R GEE DN R, AE BRI TS PR N 7 T
HHAG T VF 2T (W TORR, RREHEE I R
FORE. SR, H RTSEBR R 28385 T MM A
HEFAEST T, P RS B ARIE RS P &R 2
B SEPRR 5 E E 25, KRR MR
AR SR T R I PR, [ ot T s e B L
. T A PR S S R RAI T T .

1) ZUFHAEIR TS DRI,

IR AR5 2] IRFE S S S HAE R T, WA
PR LG ARA A P 208 18T o IS 50 A TR AT Al
HRORIT A 23R ), R PR P LA PR A 0 A 5 A T
AESRER, IR FEAE A L2 00 2% AL BRI 18] 7y 51 B4 55
LD, DXL 2% 2 Y e o A A S
BT TR e R 5 B R EOK, TR AR A R [
KoL BRIERE B UK, ARBEXERE K. BEAh, 2B a HoAb
JUE BRI, T A AN FISRTL U GRAEA B,
)2 BV BET S WA A AR AR & ik B
s 52 SN 2053, LLR P S R U S B
ROR, G367 8 A& T3 RENS A2 1S 24 [ BE R FERTIN [RIFE
PP ML R L RESRTT

F I3, AR ST BOR R, KR AR S
ISR 2 SRR P R AR R )l
SR BRI 52 B E VERR 5 5 TP, X5k
FRIFREIN ZOCR RN 45 AORE ™ AR RO s, BIASER E8 A
VERLZE, TR TE R A MR P A58 N ML 2 AN
FEITIE I SE PR TR, 2% RE H P X ff A5
R AL, FEMEHERR I RE P AR T R s
2 FEE SRR R AR T H )R PR, 3T 78 25t
37 R T 7] 22 5 A Bt R PR I R A HER A 55 B
A+ EERHME.

2) wWIABhiAl L.

A Bl A RRE AR R AR AT 55 Hh B2 Bk
fild, RS T A F gt i 5k, LA 1) FH P 24T
AMEACHER BRAC BRI BRI H . H AT QA2 M
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XA JR B R R 753, BRI RTAR S B A5 B oA
VAL R AMHETEBOR, 3 51 A A s s Wiedi
R AR W25 SR H I A R R (RS T 3=
A SRBRE  ARTE SR SE) I T8 2 LE AT SR AE B AR,
JERTREM B AT EAR AT H A AE R A, FE
[ FH P BE N UHERE A RIS A B AR XM 2
FEVERITH s 2, PRIER S T H B %, )iz ik
S S, FRREAT TIN JUMT AERE

TR 5 5 2 2 A BRI FU P s,
LA A5 )RR IE A% S50 24 A ) 27 SR 5%, DAk
Y JA B AR A 1 BB R TR S SRR, A
5 24 T N2 AR 5% R FL A U, SRk AT 7T 4Tk
HEAS L L a0 F P R RS A A R
X RS S LA UL Ak, mTR Y 45 e B )11 25
A, P LR AR SR AN TS TG DL, 2 TRAR. X
WRHAE—E R BRI E A HER SR RE .

3) I )

FEFLSER s b, B 10 S8 B w SRR B i 4
A e 2 Bl I RIHHERS BB AL T A A A2 k. 1)
a0 AL R T AN TR, R AT e
AR, 76 F AT T HERE, R IROF WA T
ZE R, T 57 B AREEFZ P HEF X I TR,
BIRARG BT F 5L br 5 oK B0 B R B HE
ENASERIEA PR AE TR, AT T AR & SRR H 4
17, FEH T 6 B8 PR S 0 TR AR
1M, ZHASMEACTE ZAHERS 7] U B AR, &
BB AR TR ISR L SERR 5 2% ) R #
PR,

REAPEAR R SE IB A VE A 2 ]
A, 5 N T AT SR 5 2 B ARIE T H S B
(RO B) PR 2R, 25 RE Rl I RIS MRS A4k, T %
i 4755 T H 22 18] (9% 2R R, SRNAZ 48 1 P 22 B
1T SIS TR R 2R, SO 7 i i 45 AL, JEAR S
R B s BASEE PR AR 2R, S BRER TP 1Y)
SRR SIS 4. PRI, A PEAL AR 2RI HERE S0
i (R 25 R SE s 2537 57 ST P i 1 sh &Ik, 9
PP B A AL L 22 TV £ 7 SRR B 4 A HE 272 45
R, XA ARA AL ZANHERE ST 7T WU

AR gy, 5 2R KB AT S B, m]
5 A P B PEAF AR BOR N 3 A XAt 7%, S
IR AL B RE J) B RR, HE— DG 98 R G e P
ANATY FEfk.

4) HI B R ORe.

I P BRAA ORI S A 2 T R, MR
HAELE R G PRIE R SR H AT HME
WA R AR/ ZN I P P (5 2. F

G $ AT L% AL B | AT B PSR ) J L s AL
HHE, XS BHAE T A NERL. 20214
SH, EZREIMIE B AZERA T RT (MG R
A 55 SR A A e (E SR = AR ) . IX B RE H
F 56 e X A B SPAEVAIE, PRI P BRAAE
BRI IE A ATFIEW . B2 5 2R HIx
CREES

PR3P H PR 2 S TG A R AHERE R g 40
B E SN N TEE P AR
P AT SR 5 BRI AR, /£ — 2 A HE
YO N IER A X s E B — U7, AT A R PR
SHHERE, B FH P 42 B 2 i B8 R e 7 SR T 4,
FIUGH P AMEAL IO R IUARE, o R — L P JR At
[R] K350 B P 2, A4 P A N AR RIS SRS 345
AP . S — 71, R T H P B LR
B2 A HR, 2B s & A P A R
2%, TEAHOAL A AL I I 2k FH R (i S A5 Y | O A
TR Bl TR 2 b A 28 IR 45w, AT AR AN B
AL BRI, X TV AR TR i A I 0 R I B 2 A R
ARt — IR A 7T

ZE LTI, B4 R BRI T A A 2 A4
FAAT S5 TG W fe] 78501 FH 2 05 S A 258 . s i Al
WA sl hASYES BT RCE  F BEORA GRS 1] ) ™
VR kAR, BTN IR T 2P 2R e SRR AT St
T7, I MBS . RIS AR5 AMEL
WA N ZS, PR 1T 2 9. ok, B 2.
SR ) SRR N TN R AT R St
BT IR, XS 70 N A AR R
TR SR FOAEE N 1 ey 70, W B A
AR CEUR R, (RTINS K.
7 A4

AR X B 2% N 37 5% T ) 22 5 R i
PEAARRANHERE FEAT 12838, ot T M 2 5
FHSCHE « M P OB S B L AL BT
BRENTR, B 7 H HBEE . RGP TR &oF
R REE, B85 T MEAE 2 ANHER R ST SE PR H]
Syt SRR T 7 18] FE A DA A 2 AN HERE
SELAFAE (A ) B AR B AL, A48 5 T T 1) 22 0
S AL B PR R A 1 R AN A SR I TR BIOR St
J&, It e T A JE Wt U A JE U5 A1, LUYINS A < sk
(IR FEN A TAREBOR N G 3R AT 2 7, SE 3t ik
FSTHERAG Sk E.

SE k.
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