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[ Abstract] Diversification retrieval is used to solve users’ information needs, which typically described by query phrase
are often ambiguous and have more than one interpretation. This paper researches microblog diversification retrieval, and
proposes a novel microblog diversification retrieval method,diversification learning to rank method is applied to microblog
diversification retrieval. It develops a series of social media features considering the characteristics of microblog and
subtopics distribution, and adds these features one by one to the baseline model which only considering the relational
features and the text diversity feature to verify the effectiveness of them. Experimental results show that diversification learning
to rank approach can solve microblog diversification retrieval problem,and improve the effectiveness of microblog retrieval.
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SCRJH Tweet2013 1 $ e 48 X 22 ke 46 R 7 15
PEAT VLI , 2% B4 45 = 61 X 22 R 1 46 2R 0] [ A 2
HAELEIRLET 201342 A1 H—201343 H 31 H
[B] () Twitter 28, 20 & T 47 &0 8, HNHE
WEEEHEE 94Tl

RASCHR 4] 32 00 2 R M HE 2 S SR 1T
SEE, S ARG A O EHE R A X T kAR R, 2 AR HE
¥ 2 21 7 1A 25 S S A ) T ) AR O M 1 3
fitth 138 25 JE T 1S S S AL M o B S ]
B AR AR MR B SCHE I Z R R 1E P B SC 5 &
WS ] A S Pk 4R 2 M ARE N 2 FrR

R2 OHEMEE

R AIE FEAE A

B AT 5 P SCA A L

Rel_content

Rel_hashtag ) 5505 5 3 0 A
Rel_mention TR SO A5 A 1 4
Rel_url TSR 1A B
Rel_verified JH P27 e P
Rel_statuses FH P R A 1 S8 H
Rel_friends FH B 4 A K H
Rel_followers DAl i PyE % g =]
Rel_listed P B0y B
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1) ZREEHET 5 2 ik e e i i 2 R R
[ A A (I 5.3 7).

2) I ) ) 22 A R R AR B 5 12 s TR R K
BOL5.4%),

3) i ALY A R AR A S8 A R 0E X A 1l 2
PERT R B (W 5.5 7).

ARSI 3 AL 43 M B R 3 S Il
SEE RIS A 38 E AR Uy 2 K B R R B 3 10 1
B4 EU A5 4 A I 2 5 A0 6 A 5 40 R 0 3 S 9
5.2 ENERAE

WEFE N G132 — R 50 T 10 0T 2 RE PG &

RGEVERERY TR AR , A SCR 3% 28 F5 X Gl 19 22 FF P A6
FIT ATV

1)a-nDCG ™', TREC ZH: K % AT 45 %
TENEMESR . o-nDCG #: T nDCG ( Normalized
Discounted Cumulative Gain) {75 H.ALm F5 R T XX
R4 Xl T T A SR ) AR

2) Precision-TA"" itk — A~ AU L 1A i K A
SO 5 TR A R

3) Subtopic-Recall >, fif £ — 4> 3% &5 &f 17 1) i
ke ASSCRY X F- 35 U 3 w2 T . BUEE Iy 0 ~ 1,18
7 A 3, I T - T3 %) B
5.3 ZEUHFFEIRTELTR

R T B UE 2 REVEHE Y 2E 2 T A AE U 2 A P R
KA, A SCH RLTR J5 6 5 3UA 1 i £
FEVEAG: 2R B8R S - 10 5 vk AT 8K

1) MMR

MMR ( Max Marginal Relevance) ''®' & — 4~ £ i
o X 2 FE VA R O v, R T A0 SR AR SRS S
PR R A A A ARSI ORI A2 o, R Rl B
TESCRY 5 A 0f) R TR AR OG, BRSO S 2 kSO R A
AOFRRIE . SCHR[3 ] 4 MMR J5 3% i T 309 2 4
PERE R

2)xQuAD

xQuAD (eXplicit Query Aspect Diversification)"*' J&
— M B R R T E B AR
HEAT RREAR, 4 3] A5 08 1 & S IR 0, AR A R I 3
RS AL 35 25 0o SCHR[3 1FF xQuAD J5 i)
MR 2R R

3) Simple Yet

SCHRES ] 82 H — b oA I 1 SCIR) T0 4% B8 1 7 125, OF
DL E ST — R A e T SCSCA B R AE o % 5 1 3
T3 ST W) i 50 2, 2 2R R — A 1 S0 5 R AR H i T
A R SCOARLARL B v T 180 A 1140 I, DU 3% 1 S A 37 3%
eHOMH B o

ASCHE B3k 3 B 5 AR B E R GOk R UE 24
PEHEF T I tE O 2 Rt R R P A AL . SR 3]
TESEIL 13k 3 Fh Iy ik i, 1S S0 5 A i 4 T 9 A G
PERCR AT i R iE 5 1S SCAR FRAE , 38 1 S TR
AR SR F 7 1930 5 19 SR SCARRRAIE | 19 30 5 1 S T
TR AU AR S5 S ] A A I R AL PR AR S
W T FIRFHE S| A ZREVEHE I 2% 2 O ik hnic A
RLTR,SE g0 25 R 3K 3 o, MR 3 a LA
RLTR J5 751 a-nDCG@ 20 534 J7 ik U sl i
Sy MHELHR & 1 8.9% , 1 HAh 45 b5 HL 4 22 7 A K,
WY Z R HE T 2 2] O 1 5 oA 2 AR PR R 5 IR R
KRR FARY . I 8 2RV HE e 2% 2 O i 05 F 3
TR Z R R A R0
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a-nDCG Prec-1A ST-Recall

WIREN

@10 @20 @10 @20 @10 @20

MMR 0.341 0.374 0.066 0.056 0.417 0.539
xQuAD  0.235 0.263 0.050 0.041 0.302 0.419
Sy 0.384 0.383 0.083 0.069 0.419 0.542
RLTR 0.382 0.417 0.058 0.051 0.351 0.483

5.4 ZHMHEXE

TR DM R % I A i) 1 5 1 S ) ) A
Kk, AR R AE M S Al b5 T S R R
ARRAME o A 7 58k 22 FF PR R0 A0E 78 S ARG 2R op 09 A AL
PE A SGHATX e S2 50 . Se gk I 2 REVEHE Y % 20 O
2 RLTR, 55 1 /> SE8e rp 2 2% IR I SC 5 A 16 46 05 8] 1Y
FHORPERFE , R 1 IR PRICHA RLTR gy o 55 2 5K
BRAEES 1A SEIe iy B fls b, i A T S5 TS ] A A
PERFAE A5 10 0 RLTR gy, iy o SEERZ5 RN 4 FTR,
IR FRIR SHEMEM L B E & (p <0.05), WK 4 7]
DVE W INAZFEERRE G , & s pn #0047t
Hrp Prec-IA@ 10 5 Prec-IA @ 20 35 #r (8 2 5 £ B
B E T 64. 4% F160.4% ; -nDCG @ 10 5
a-nDCG@ 20F5FR(E 4 B3R E T 71.4% 1 58.4% . |
A ST IR Y e GG PN S S QI RE 2
PERFIE 2 A o

R4 SHMEFMEIERITLL

«-nDCG Prec-1A ST-Recall

Tk

@10 @20 @10 @20 @10 @20

RLTRg;  0.282  0.322  0.045  0.043
RLTRgp . piy 0.491  0.510  0.074  0.069  0.441 0.578

0.273 0.445

5.5 HRBEEBFEXR

XTI 2 BEPEARG &, A SCBE T — R
IRE AR RS R - 37 R 43 A1 R AR, S 38 A S5 5 5 JiE X 2
FRIEXT T Z R RS2 . R A T £ 98] 4
5 SRR DGR RRAE (3R 1 R ) i SC 5 1S
] SCAS Z2 #E 1 7 AR (content ) A A AR Sy L, 1D K
RLTR o FEHIEA [, 43900 A 355 80U AiE A1 4t
SC AR AL , G 30 G T Gl 22 R R, S O 46
mzE s pron, MR SRR FRS (p
<0.05), SLE0g5 KRN, A A2 B AREAE GBS Bl ik 19
ZREVERE ZAT 55 A0 i o o G b I S 5 19 S ) I ] R
AE S 5 1S A A R AR S S A
PR, R AR N 55 A3 A R AR A Z AR PR R RACR A
BT A ST 1S A i E] FFAE )5 o-nDCG
@10 5 o-nDCG@ 20 48 F5{H 5 RLTR g AH 1L 53 731
PR T6.7% F18.2% o X1 35 1 S [] I R] R AE
YE, AR S5C T[] — 32 00 PR 2% TR SCAE R A ) I
i, W AT RE VS S R — F i . i, 7E Tweets2013
A, 5 7% 3] 48 1 “ hillary clinton resign” #H 3¢ f19 {8 3¢
wmr

1)tweet,, DTN China: Secretary of State Hillary
Clinton formally resigns; Her resignation is effective
upon the swearing [ created _at: Fri Feb 01 20:39.04

+0000 2013 ],

2) tweets, Secretary of State Hillary Clinton
formally resigns: Her resignation is effective upon the
swearing-in of John[ created_at: Fri Feb 01 20:43.07
+0000 2013 ],

3) tweet,, Hillary Clinton: As Hillary Clinton
leaves office after four years,John Kerry prepares to take
over| created_at:Fri Feb 01 10:00:14 +0000 2013 ],

Horp tweet, Fil tweet, 8 02 5¢ T #iv i HLBF IR 1~ 35
LT tweet W) 5¢ T A i B A ARAE#H 758, AT LR
i tweet, Fl tweet, & A7 B[] 5230, T tweet, U 5§ PG
SR A I (AR BEACE o PR e, 19 S0 1 S ]
Ay I 1) 45 AIE RE A AL T B B 2 AR R R A S
fifp R

R5 FEEASHZFEEHMELR

o-nDCG Prec-1A ST-Recall
Jiik

@10 @20 @10 @20 @10 @20
RLTRg s 0.417 0.428 0.056 0.049 0.349 0.465
+ subtopic 0.454 0.475 0.067 0.061 0.421 0.574
+ time 0.445 0.463 0.064 0.057 0.393 0.536
+ hashtag 0.431 0.459 0.063 0.059 0.401 0.519
+ location 0.433 0.455 0.060 0.051 0.387 0.518
+ verified 0402 0.421 0.056 0.048 0.341 0.471
+ language 0413 0.420 0.054 0.049 0.339 0.466
+ statuses 0.420 0.431 0.058 0.051 0.355 0.470
+ friends 0.417 0.426 0.053 0.049 0.346 0.462
+ followers  0.399 0.405 0.051 0.047 0.374 0.453
+ listed 0.401 0.409 0.050 0.049 0.353 0.475
Best 0.499 0.514 0.075 0.068 0.447 0.580

A SC 5 1 SCTR) 38R R AE S5, «-nDCG@ 10
5 a-nDCG@ 20 543 {H 5 RLTRBASE*H g IE7 Y=g
3.4% F1°9.6% o X 1355 ST PE] 3 iR A ik R
TR OC T [F] — F2 R 3 4% 1 S 32 L] v A A [ )
43, W AT BB 9B I Rl — F G A, fil i, 7€ Tweets2013
o S ) syria civil war” A G SCUnR .

1)tweet,, RT @ SyriaDayofRage; (02-21-13) #
Damascus # Syria 1 Rebels Move Closer to Central
Damascus as Clashes continue and Rebel Rockets
hitting ,

2)tweety, So far today 17 martyrs were reported
in #Damascus and its suburbs,3 in #Idlib,3 in #Hama,
3 in #Aleppo,2 in #Homs,

3) tweet,, RT @ lysdeschamps: # Syria 13 ‘02
Killed ;231. 20 children,98 women,59 rebels. Aleppo 50
Idlib 33 Damascus 30 Daraa 21 Homs 18 Deir Azzo,
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