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Abstract Traditional search engines always return the same result when facing the same query for different
users. Therefore, when a user issues an ambiguous query, the search result can’t fully meet the user's demands.
Personalized search is a practicable method to solve this problem. It has been proven to be able to improve the
search quality of search engines. The majority of existing personalized search algorithms re-rank the original
results by comparing the similarity between documents and user profiles built based on historical user behaviors.
These behaviors contain a wealth of information to reflect the user personalized preferences. However, most of
them generally believes that user interests are stable and unchanged for a long time, which is inconsistent with
the actual situation. In this paper, we argue that user information needs might dynamically change over time and
sometimes the user information needs are random. Therefore, the users’ recent search behaviors and the historical
queries that are more similar to the current query contribute more to personalization than the others. This paper
will take advantage of deep learning in feature extraction to build better user profiles. For solving the problem of
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dynamicity of user information needs, we use recurrent neural networks to construct the user personalized
preferences from his behaviors in history in order to model the dynamicity of user interest. With the aim of
getting more accurate personalized preferences, we not only model user interest utilizing recurrent neural
networks, but also assess the importance of each user interest based on the user’s situation at this moment. The
user’s situation is modeled by another recurrent neural networks, thereby affecting the user's interests by gate
control units. Based upon the consideration of randomness of information needs, we use the attention mechanism
to dynamically assign different weights to different user interests based on their similarities to the current query.
In contrast to previous user interest modeling methods, the user models built in this paper hinge on the current
search query. In other words, the attention mechanism allows us to dynamically adjust the user model to a theme
that is more suitable for the current query based on topic similarity. Finally, given a candidate document, we
calculate the personalized score by comparing the similarity between the user interest feature vector and the
document, and then combine the relevance score which indicates the relation between the document and the
query to get the final score. The list of documents sorted according to final score is the personalized search
results. Experimental results show that our personalized search model outperforms traditional non-personalized
search methods and existing personalized search models. Compared to the SLTB personalized search model, our
model has increased by 2.7% in MAP, which demonstrates that deep learning helps to build user profiles better.
In addition, through comparative experiments, we prove the correctness of our basic ideas and the effectiveness
of the attention mechanism. The model proposed in this paper improves the results to a greater extent on
non-navigational queries, which confirms the validity of our model on ambiguous query.

Key words  Personalized Search; Recurrent Neural Network; Attention Mechanism
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). Flln: WRAFYETEE R CFHL, Wi
R P pisi ) “4y” M “ =/ F&iH R
MAT A T W B S 2 A W R B TR
T AR (FHLD . Mz P b sk A
FUCFHL TERMEE, Bl “WERm” 5, WX
A S BT E R RAEAER . WA S —A R
BE, BRI D S TE S A L P AT A 2 E A
WHEAT AN, S22 id ezt R R AL . F I
S —AMEEG], P Bz P A AT iz A
WOCFHL”, e i SCRY AR TT RE 2
PR s, X5 5 R R EIMEET A,

FRE LT 55, 328 F I = ML T DUR G () A
KA 3 I IHLH e A T AR e, AR
2014 4 Google Mind [#PAZE— X 7E RNN #5841
T ER IR AT B 53 2K[38], iZALHIEE —
RS FHAE SCAS Ab 3 E R 7E 2014 4E, Bahdanau %5 A
BER JINUEIFLE T AP M WL 28802 1 [39], 7%
B ATHUHIAR B ) FE R V5 55 I 104 B A 3 A0 22 T i
MIFIPERIRIE R TRk, WORA TARRHES . 2017
F Google A1 BA & H 22 3k B = LS, FEACE RNN
5 CNN REMEHUTS, BRIt RE, #F
TVERJINUGIERE 5 2] J7 T BV [40]. VER
JIHLEIRERS 25 8 4 Rt T 4t s ml, JF Hxt 4R
HAS [ () 285 SO T AN R A . AE A S s Y
R JIWLHIE AR o F P 25 1) 75 SR BE B i) 8 )
Jrik, HAEZBEINANA.

18 3.1 T HRIRA TR F 7 I3 52 AT AT T A
L, N T BRETCIRIGBRITEEI, AR A [F I 3
I EALAR LT S=(S1, Sp, ==+, S)FIETH) q VE NI &
JEWEIN, HEHRESET AR g T, B S
XA oy, TREAAT

e; = 0(q,S;) (12)
exp(e;)
S ew(s) )

() —NZ EREIEIPLMLP), 1 tanh()fE N
WS % MLP R R 1 EE R, Mk vz M
M-S 4mumilg, el URIENIZ B iR, &
FERETE S, RN R EHATL S,
BT DRSS AT, BhAHh 2 ) A — i A
A FALEE DI SE I DG A A 25 SR DTk ok
(0 FH P s AHEG T B FH AR SZAH LR B AR SR
FRAE, MLP A DURR A 75 BEER S B 4 i 138 X
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FRAERBEATIAL . P u 25T 2 AT A A DB AE
Xy, H1(S1, Sa, + 2 sSn)WEMEH G IHHEAFE], AXF:

n
Xu = Z a; Si (14)
i=1

L3RR IBUR], ARSI AT LR AT %
B 2 A B ROAR AU, 0 5 2 i 2 A R
RIS T T B OB, (] A1
ARSI X 2 BT AR HE P RO S, A
W R EE N R E R — PR . Bl 5] & &
P, AL AR I R A < A1
B, fiER PG 5 T AN MR
PR AR, M EOREEM - P s 5 iy
FARIMIAZE, T o ) 75 SR BE LA ) 7L

EHEAERNL, EEPEIKER, (R
HIE RN R RE— B85, KR AR 2T &,
D HRRALE ) B AT DA 25 M e A = A 0 )
) EAT PR B, AT ORALE FH ™ Y R AR AL 17 8 R A 2K
Pho FP B BRF AL 17 e X, R A DR — B B ey
N SR SO AR [ SCR HEAT AABLE T 5

3.3 DMMEMHIFERERK

RAG AT MRS 5
RIEAGTr, B4R & 18 SRS 5 MBRFAE [ £ AR BL
E RV & kit ALY PR

AMEAAT 7 T T S SR AR ] R Ty v
A2 B P SRR AL 1) X, B AR ALLRE A5 21 -

PScore(d;|X,) = Sim(X,W,d;) (15

W2 SR DSERRFAIE [7) 2 X, S 21 5 S0k d;
A R4 B 2 () R AR R, S HE A gl R h
SBERA . Sim RV H R A, AR R
FH AR 5Z AL SR Za0 ] — 35 2 [ IR &R
) Xy
S, ¥) = (16)
MR EEHREGH T PO 5B Rz
[ ) TR RS IR, B =584 AEAE. S
SR/ TR oy P Y VA KR 1yt S R e =l
WHET AR, B TR, B ORI
HEABREERT, T ARk . ST KB IE R
A SCRY 5 S A B R IR B DA R A%
RSO AT B TR ) S FH R A N AL T
R K/ NHR PR, TR &N, A e gl e AN E
P2 ZE RN, A SR EER RS~
AERIWER, TR TN 5525108 R e A A 193 5 40

RIEAFIr IR R o THREITERA(7)(8)-
AN LR =F ST RHIL S, £, f I 2 )R
KM@Y, A tanhOVE s k3, B350 S
AWM RS, 5 SO 5 BRI A &
WIAHSCEEAS 7 AN, AR B ER A& SCR1E 7). JE IS
HEFP 5 B SCRI PR B MR 4R
Score(d;) = PScore(d;|Xy) + RScore(d;|q)

= Sim(XyM, d;) + tanh(9(f1, fo. f3))  (17)

AR LambdaRank HEf SLE IR R, {F
pairwise [Pl b, R A SCRY ST f5 %) 45 2R
MAP (4.1 5% LH—WVENTabs) sem, AR
AN SRS T AR AL [41], . B SRS
(an, @) TERCHALE J5, HEF I MAP 240 R a, 1M
334 (by, b))% S H A7 B S5 MAP 2240 {E 4 b, 1
Foach, MU a; 5 a, 2HWERKT b1 5 b,
A2 e, ARIEIXANRR R, 022 RO IR SO XS
WP AR E, PR/, ] DAME iR
LA 45 S P I B T S o AR ST U D SR
AR SR oy AN A SRS A R B SORY o 1 SRy
XRG4 2% ek B TRONIAR 5 5 BrA 2 1R] 1)
X, HERNR R R —FH SN ERE, 2 X
R

Loss(RankNet) = —p_ijlog(pij) - mlog(pji)(w)
Loss(LambdaRank)= ALoss(RankNet) (19)

Horipy; AR SCRY dy L o SEAHSG I TR =2, oy
FOREIAEE . ZIEI logistic BT H M3
1

1+ exp (— (SCOTe(di) - Score(dj)))

55 i@ d AdamOptimizer it 4k 2% A A 5
B, kAR RN EE 1R mERHE
HH B SOR 73 R e S B A S YA HE e 2
B3 1. GRADP A 257572
BN HPTIEEW Q=(dy, U *** , Gn);

FH P 3 8 30kS D = (dy, dp, * ==, d);

P B WRFE E = (e, € *** , &0);

HHIE W q; ST (d;, dy);

SR di IR ERHIES, fo, f3
fh: THE TS 400

bij = (20)

1 2% H; « GRU(Q,D) A 5(2)
2 FHFURASH, « GRU(Q,E) GRU [A] I
3 MEIREF S « Gate(Hy, Hy) A3(10)(11)
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4 DUBFHIEFEX, < Attention(S, q) A3(14)
5dy MEA S < Sim(X,,, d; ;) A(15)
6 i HHXE1F 5« tanh(0(fi, f2. f3))

7 dyy mEARI) < MEAHHICE A(17)
8 HKBKE loss « 25 XJH A3 (19)

9 EH K6 « AdamOptimizer {1k

S L, SRR R o S A P I AT
NERK GRU EZH0I%k, R P 1, 2. 3
BBEVH AL SRR, RIREERIE OGP
B 4) MFEAHEES SR GBI 6) MLP 1125
k. RBIEAE n AR, HhsdaE PS8
BHR-FHKEA m, WP 1-4 B E AN
O(mn), PIE 5-9 M RIEZEN O(n), mHARA
I (8] 52 2% 2 9 O(mn).

4 KI5

4.1 LIRE

AR SCASE A A 28 51 B (B, BLFE A 2013 4F 1
H1HZ% 201342 A 28 HH T didetids, A
HEF R — X8R aREA T id, SR, &5
I R], 382 5] SR AT NSO arl, PR s
T GE B A . TEFRE A AT G B2 5, Bl url
Tk )« e A HAE A& 23,528 N S ) 2,635,836
), HAPAFEPAERA 1,612,983 %, MHXLC
RAIBCRA 1,202,065 4~ FEASCH, FHICRY B
& SCONF P B BB TR) KT 30s SRS BA K P B i
R RIS, BRI AN SCRS BN R RS A L
R o ASCAE R P RT S AN 2B B EAE 5
W, X BARUE R P S S @ AL, T
AMERINGLE. RIS E R 8 51
LRI o I R AR AR, 7 AN 2 A A Kt T
LU S5 AN [ AR SR I 2l o o 2t 52 . (H15
R A DAL Hh 1 s T R AR A I8 R Gt T s
e P s AT AR R, RS P R
15 FH AU g S 50l A R A, T 24 A A )
ZHRIMIFT A W . TR 5 S ik ER B =
5K, H RNN ZDREFEEZEHE, N T HRIE
FH P A s o R 5 P SR s S P AL ) g sk
s, s 2w rilgGmm s (FEKD,
AT AP AR 2 5 P P D 0 o S TR (] 8 AN 2
=ASRIEE A EEA BTN, Ak
PR, & RI4x 7362 N . KT ETA B SCR,

PR AES, FEHIEHE, bRmfT s, RRERERT
Zf 2 )G, RS word2vee T A7EIZ4E L
INGREAT RGBS, B — i) g MISCRS d ()&
FoRIES A A B A = A, X
S H TF-IDF A Sl TACE, DURIERIAYRE
8 YR Aff M B I 12 SR R P R . E word2vec
BRI ERNZERE T, ARSI T 300 4E5 1000 4,
B BARYE S0 BRI B 300 41 AR [l B4k T .

N T AR ISR (R, T EE R IS RSO
FF, ARSI KA Mean Average Precision(MAP),
Mean Reciprocal Rank (MRR), Precision@1 (P@1),
Average Click Position (A.Click)X} 45 BTN, A
T IRV, AN STRS (7 % ) S0 £
BT T vt XIfabs EEHERH P AT G
(R B8 I, FHGHERT, ZEAH S SCRY BT AR
SCRAR KM AR, e Ja AR i
R REH TR CAA R TR R g R
WY, DRI DL E R g AH K. Ik, W)
XS R A R T SR O, R
FH et i 5 A O 3 % B EUABL P-imp AR A PPAN 45
Bro Blan: JRAESCRB 20 (dy,dp,da,da), He A d
AR, g 75 5 (dy,ds) (do,da) Pioxs, B
ds —E L dy A7 dp BEARSR, e ECE R S0t R
IR EHS, BT et P ot s, B
HHFE T 518(ds,d2,05,01), IR MAP {EH &AL,
{EL(dy, da) i 7 %o 9 2403k, P-imp=0.5, tH ] LA 5 B A
R BRI

4.2 SFEEERY

TATRG A SR 1 B3 S A R AR A bR il
N GRADP (GRU-based RNN+Attention Dynamic
Personalization). [RIBIEHL 7 H A7 ELESAAT I LA
AMHEACAE R AR 0 B

PTM: PTM s& Harvey %5 A$2 H i/ MELHE 2R
17 Error! Reference source not found., 7£ 2010
fF Carman FE AT H, M THRVEBEE 42 B
FYRFIE B 7 VR AFAE M 8[20], =5 2 i i FH X b
TNECE PR EMIRE IR, A LSO AR AE DL A2
B, DRI, AR BCRA G B I 0T, AT
SIOCA ) FBURRE, X H s R IS R
fiE. 2014 4F, Vu TERCEERE b, dE—BiE Az
HimTT, BT TR RRCRT].

PTM AR ¥4 T A A1 7 v 57 0 B SR A
A E:
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s@iqw =P@]| | ) pwinp@nipeld) @

wWEq z

#click(d) + o ﬁ

2, #click(d)) +o

Horp N FHRP A P DSBR AR, 3 T 5 ) A
ZOCRHET . P(d) R BB H B oz s
di A, @it Dirichlet “FE 153 B & 1557 .

P-click: Teevan S AfEWRSCH R, HF&H
2 VAR [A) ) 2 ) ok 2 4K 2 w5 o iy 145 R [21],
X ANRE s o] ART SE M O R R, B
Z Ui SRR SR El g P . AR 2007 4,
Dou &5 NARFEIXANRe i, WAMEAAE R I H R A,
FEHT P-click #E7Y[3]. ZAEAI G F B EA R, XY
THFP u, 5490 E AR RE Y, KX
FE SRS R B 2R A O 2 A A R 1% OO 1S

ﬁjo:

P(d) = (22)

|clicks(q,d,u)|

|clicks(q,,w)|+ (23)

Hrb, |clicks(q, d,w) | £ THP u, fEEH
q s SOk d BREL |clicks(q,, w) | H T u
e q PR, p R E, 8
WUWHEN 05, A ZHWMHEMN AR LR, /£
P-click MY, f{ ik BOB 2 (1 SCRA 4570 bk sy
FE BRI P 45 R b BB EE A

SLTB: Bennett 7f 2012 4F#2H [ SLTB A A4[1],
R ERRIIAT Yy, PRI R T AN RN S A

Score(d|q,u) =

®1. TRERHFYR

kit MAP MRR P@1 AClick P-imp
JRuGHEF 07226 0.7334 05931 2.292

P-Click 07348 0.7467 0.6015 2.138  0.1419
PTM 0.6679 0.6801 0.5244 2578  0.2845
SLTB 0.7776 0.7881 0.6698 2.054  0.4777
SLTB+PTM 0.7830 0.7929 06716 1.998  0.4878
Interest ~ 0.7958 0.8073 0.6964 1.929  0.5140
Interest+Att  0.7970 0.8083 0.6963  1.927  0.5296
BRADP 07971 0.8085 0.6967 1.927  0.5302
LRADP  0.7984 0.8119 06979 1.924 0.5341
GRADP  0.7985 0.8119 0.6978 1925  0.5337

fib, BEMSERRAEAE R . Jo 0 AR I YA
J7 TG I SE R A JSOR P A PE AR AE o
1. FFOERRSS. EAGH: T E A B RFIE AN T
ERINEEE R
2. SCMREVGE . Hp s (D pradEw Tk
30k . (2) 5 AT & F R A i)
SO (3) WA AT E WA AN RSO
(4) AR E S R~ RSO,
3+ Friwi g . £ B =, KR,
FHIFER, —FH A H R .
4 ESTAERECR o SEIRER N -
decay = 0.95P(r)~1 (24)

p(q.) 18 12 q, 5 w0 £ i) 2 (8] 1) 251 £
o 0.95 NEEHEK.
SLTB [R5 T fidii, TR 2 RFIE
&K 52, @it LambdaMART 5% 2R A
b T IAE A R AR, ASCE & T
2 PR 5 S BRI ) B
Interest: 7£ GRADP (&5t rh, F P i S47 M
B, RARE PGB ERE, AT
FIRUH, BRI 28 W0 2% Bt i TR A 15 A B He
VB R PLERAREAE ) £
Interest+Att: 7 GRADP [4i#rh, B
AT @RSy, RAREE P DGE e, 15l vE
B IHUI AR BB AREAE ) £
BRADP: ¥ GRADP 141 GRU & i %
93 1] Basic RNN 45 55,
LRADP: % GRADP H1 4[] GRU & % i
N LSTM 45 5.
SRR E I, BEZASENINTE ., R&ik
WL SHOMA BB
1. AR AZEE: 300
2. GRU ERE&4 % 900
3. HENZEZEBINIEZEMEITE: 1024
4. THESCRS B AE DGR 2 2 G LRR Z
ZuH: 64
5. )R, 1e°
6. nCS 5 nRS fetr+ n % E: 2. 3

4.3 SLWEER AR

AT, FATX 4.2 vp g5 U Y 34T 1 S2 56,
F+ H1E MAP, MRR, P@1, Avg.Click PL & P-imp FL.7™
BEC AT T UM . S RWIER L PR, FREBLTL
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2. R G ZRA MAP AL TG
ANTTTHREAT TR b
TR 2 SIS 5 4% 8 P RSN L
ASCHGERL[A] %] LY
e WAL INHITIEYEN
KSR P 7 s AR AT L
P ) 2% 5 JE 48 X 4% AR 6 Bl
BTG SRR R
S S ST XS

~N oo g B~ W oN e
’ J 7 / J ’ /

4.3.1 REZE B 55 IE BB E

W3R 1 s DR G HE P N B, 1R R
A MAP A B AN 2 B o

RIEE 2 R A, BT PTM J7iksh, H
il R A e A T A0 48 2R SRR AR R A HE P AT T 2K
B, ASCNK, ZRBT PTM R TS0 3
ZAIIAH DG, A 5 e e, R TR ST
R/Ahp g CRIBTE P T m B RN R,
AN FE ARG AT AMEAGHET, 1&g R m)
N Hodr, ORI L SLTB+PTM J7i,
MAP A3 | 0.7830. #A1M, {EVRFESJHIAH, =
FHET BRI BAL T4 507515, GRADP AL
fE SRR U R R U SLTB+PTM ) MAP & H!
0.0155, MRR 5 P@1 th4) &t 0.019 i1 0.0262,
Avg.Click T4 7 0.073 KA E . P-imp F54511)
FETH R U B A S AR Ot T R 2 TN, KR
EHEFP L A A 5. B USRS, 1E
p<0.01 [hRHE ik B AR SCBEARY AH B T 4% S ) A 1
AR AR SUR RT3, I U BN R B [ (1) )7 52
PO EEREEAE, DL BRI 24 1T 1
SO JJAN A2 G, R G A 2 7 T Ak
AEH R, HIE RS 2 7 1R AT DL b
STHUR P R DSBRRAIE S FOAU

3. Attention H AN [E] FR3N A i Xk 24 72 T 2

4.3.2 RICEBIRYTENT L

B NFEE Interest, Interest+Att, GRADP 457
Rie s T LAE Y, HInEE L 5 RS
B R T ORI T, ULBAARYE A PORAS T
FA P MR E AR, DUSR A MR & s i
ANTE I I DRI, 3597 AR T P A2 (1) v
PE, TSGR P2 A R ARAEF

iEid %ttt BRADP, LRADP, GRADP %]
SER AR TR, A E RNN IR SR i
25, VLA IAICAZAS /2 DA 2 X B P AN A f e
B FRE, A P AT N S AN A = 4 —
FAIR, AN 58 42 200 . 1 LSTM 5 GRU ZCR AR,
BRI, ASCEERIG ) GRU 45 5 ] B iy LSTM 45
RO HET LSTM S8R % , BRI 2RI R EE g

4.3.3 TFEEIIHLEIBER

=1 HRBIRRBLE, AN BEE )
MU, ATRMESs SRt — DTt . A, 524
AT 2T TE S [0 7 A5 EIUAR KA 5 P 2470 =
BITEG, R SIHLSI AT DUR X 5 4 T 555 B AR,
A ERNEREFEH AL sE. ATEEN
MR R B IR PVE R, ASCERECT A P2
8 AN B GERRAE, HFERHE 4 AU ETE ARyl
R, S FER RN ERE S, 85 R 3 s,

MR 3 A%, T B JIHLEIH 5 2 w2 ) 5 A
KT PGB E T 7 5 s A, JF H ek
AHRIE B g, Bilan: B 3 H 4pr g ifiah
“bank loan” B}, “loan” #WXT TR AL E, 1M
“email” “Trump” T & AR 4 W o T 2% R4 A
“Twitter "7E & A2 1) EAUE # LR &, AR SCAN,
X T A e R AR, 2 AN AR
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B IZIGRE, ZRE BOVBUEE R .

4.3.4 KA P 7 s AR A 0T L

ARSI B R T A H A P A H
B, N TERFASCHIE AR K BRI P s B
2R, FATMER T P ok — A2 iE W B
ZawmzaERHEENE L, WA A
GRADP &5, i 2445 5 1 MAP X L an i 4 Fros (LA
SLTB+PTM A& ),

4. I P SRR B

WRYEE 4wy, AR IR 7 g S A R A
ROR EEMSART8 FAIIA e, IX B B 1 A SO
U AR —— 3 S B B 0 AT Xt = A A
SRR P GTRREE K F P B BAE AR BAT B B R
R, AE ISR DGR . A K
P AR B 2 K55 R B T R A R SR
FIRE =S I A ARAT o R A ALY
AP H SR eI IC IR P RS E L JF
R & S e ttitiga -

4.35 AL 5 ER0EE I 28 AR R 0T L

N T BRI UEA SR A (A R, ATk
BARM LM S BRI, H 3T SRR 2s
R B Py IVE Sy =W ) = 2 S Dl sl a3 i 0 e
54 HT 8 SO T AL T, 45 G0 1
RS, THEH A SR SRS R

AR W 254 MAP {:  0.6454

GRADP %7 MAP {&: 0.7985

SEIREE R, RN L I SRt o i = T
GRADP 58, IXIGE 7 UREE S S0 T AN A
Btk . T HARFR S WX g SR AR L T A HE T, B
BURTEZE, AT, XA H T AR 2 154 22
W B PR A S BT, R TP S

PR, X IFANRE 58 4 2 HT P MR 7 22
F P B S A A BT ] R AT 21 ok o

4.3.6 AR RN B
TEARSCHIBA R, [ R T 3RR 5 2] FAE
AN T SUPRRAE—— T4 E, A TIEA T8
SCRFAER A B, ARG RBRZAFIESE XL, R
I 2RI 27 20 A2 B P 2% ) = 5 2 iy SRy

B 5. SRS I SRR A WX
ITARABETHEL, DA VB N B &SR 1547
B R 25 8 P 6 5 SCRY IR ARBLRE 1T M SO
B IAIRIAH IR, SEER S SR F .

T m R IERE A MAP {5 : 0.5454

B S SRR MAP {H: 0.7985

ZAERR, SHRRHE A S AR S A
AT, R AR X 45 1 5 v i I a5 o AR BT DA
S EITEZ A W R b SORS ) B R B DA R AT AN AL
FREE o B2 SRR J5 B AR SR 22 T IR UGB HE P AL
AL, B RR NS B SCR EHEA R LU 3
BRRHEF AR, BRI — BRI SRAMEAL AT R 2 X HE
s R ERIER, Blhn: 2 il (0 2
“EE—TF7, B REER P GERNETRR R E
JE RS T P, ESEBR Bz i) A R IR,
W HRZHATE, BEERYNAEEER.
3 RS HE ) SR R 3 B g T T R AE TR
(D HEBRALGEL A S 2 i i B A G
(2) “HE—T” ZEAANESMEWL.

437 A SIEFHAE RN

g i), RIBEENERT, AP
AT N KK ZES, #Hlan: “google.com”, Hif
MR SERERAAR R AR R, mHEFAAE2
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T P 2 18] s e AT A28 S BOR B A, 3 8 S ]
B o o I8 ) SR VP 2 v ] B SV FR R
N T A B AR S AR R A 0 BB S 1) R R R
BATPEEARE S S H AW (T l<) AEE S0
AW (U = 1) 7 0 B B R, 4 5 B o

SRS AR R, MR R PR A
A2 e, mfEdEShaNER FRA AN,
X BN P 2R AT DA 20 A A B S )
GRADP #AIAH L T SLTB+PTM, £ S A ify b
MAP $&F+ 0.013, MifEdE Al MAP $27F
0.029, 1% 1 156 B A ST (AR Y 7 25 1) 0B S i i 3
IEE LT, FHEL T Interest+Att, GRADP 7 3: Hii
FRIEAESHE WS, XA @ PR
5, AT AR NSy F P AE AR ST Al e 1k
Pl UEBA T BT AN A48 2R 45 SR A R .

5 £Eig

A is IR FE 2 I T RSB 1 sh e
R, R Rl & R3S VEANEEAL A 1) 2
b BIN T AR R X 28R S AL R R
PP i) F S AR P BRI ) B 3 )T e A
2R AN R A A I T PP 8 0 S AT i AR A 5
= LB AR AR 2 AT 0 AN [R) % R R A AT
TR, Jb IR B aE R . 5140
MMEWARRTTEM L, ASCHIRRLE R T 4
PEACIEZR S R X AR 1T A7 0 BN
T AMEACE R E N, i H S AT A R
IR AT R It eSS B E K. T &R
SRENAVERTEEALIE A i RS 2 7 AR G AR A ok o

FEARRM LA, B PRSAE HR RN 5 T 0 A
ot i, 53— SR VA A R 2R R A ik
MNBERL 5340, BATRETE SN 52 38 103 L
Kt — D OE S R . RIS AE ] 7 S AT O iR
r s Ta] B B A SRR A BEAT HHE A A
REVERAZ LI P R, PRI FRAT 1A B2 7T LLAM TG R
PRZE WA 28 SR OB TERFE O3, 0 B BEAT it

& % x|
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Background

The problem discussed in this paper is related to the field
of information retrieval, which is the main method for users to
obtain information. And personalized search has been
increasingly popular due to technological development.
Personalized information retrieval aims to search results
according to the user's interests and characteristics and return
the document lists related to the user's needs. It has been
proven to be able to improve the search quality of search
engines.

Most existing personalized search algorithms re-rank the
original results by computing the similarity between documents
and user interests. For building a proper user profile, lots of
researchers made use of the topic features of user historical

behavior to model user topical interests, or counted the clicks

of documents in history; In a word, The more detailed the user
profile is, the better effect of the personalized model has.
However, most of the existing research work ignore the
dynamicity and randomness of user interests.

In order to solve this problem, we leverage the recurrent
neural network and attention mechanism to build user profile,
with the aim of learning the evolution of user interest over time
and dynamically assign different weights to different user
preference based on the current query. Experiments show that
our personalized search model with deep learning outperforms
existing personalized methods.
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