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Abstract:  Recently, Twitter search has drawn much attention of researchers in social networks. Although rich features of Twitter can be
incorporated into rank learning, the retrieval effectiveness can be hurt by the lack of training data. Transductive learning, as a common
semi-supervised learning method, has been playing an import role in dealing with the lacking of training data. Due to the fact that noise is
generated during the iterative process of transductive learning, a clustering-based transductive method is proposed. There exist two
important parameters in the clustering-based transductive approach, namely the threshold of clustering and the number of the documents
that will be clustered. This paper extends the method by utilizing a different clustering algorithm. As shown by extensive experiments on
the standard TREC Tweets1l collection, both of the two parameters have an effect on the retrieval effectiveness. Furthermore, the
robustness of the clustering-based transduction approach on different query sets is also studied. Finally, the paper proposes an adaptive
clustering-based approach by introducing a so called cluster coherence as quality controller. The experimental results show that the
robustness of the proposed method is better.
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Fig.2 Algorithm of adaptive clustering-based transduction learning
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Table 2 Experimental results obtained by applying the clustering algorithm (b=0.4)
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TREC 2011
P30 0.4 0.408 8 0.406 8
MAP 0.3425 0.339 9 0.3385
TREC 2012
P30 0.337 3 0.367 2 0.363 3
MAP 02121 0.233 6 0.226 3
TREC 2011&2012
P30 0.365 7 0.386 1 0.380 6
MAP 0.2713 0.278 9 0.275 4

Table 3  Experimental results obtained by applying the clustering algorithm (b=0.6)
R 3 b=0.6 I LT RKEIL M LI LR

| TL | KM_CTL | EM_CTL
TREC 2011
P30 0.4 0.406 8 0.406 8
MAP 0.3425 0.3335 0.3419
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P30 0.3373 0.362 1 0.365 0
MAP 02121 0.230 6 0.237 8
TREC 2011&2012
P30 0.365 7 0.3818 0.384 0
MAP 0.2713 0.280 3 0.283 9
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TREC 2011 9 (¥ 5 ify) 58 75 5, DAL L 5 S0 v 1) o A vy, IR T 3K 48 0 o) () WD A 2R 5 TR o R 42 0 i 1 SRS 4 e
TS 22 FNGh E AR G IRAE R TR b, DG V8 SR JT W o 3R 248 07 204 48 (10 400 e 11 2 0 Do 0 L 8 v X A — S AR
PR IR 27 2 Pk BB B AR e PR 6T TREC 2012 o (1 75 ), W1 AR R 2R 45 A2 485 75 (1 5 18U DG I 5 AN 15 2> 31X
EKSE TREC 2012 b (147 o 58 IR Al 6. B4R SR FH W 0 3R 28 10 V0 B o O 22 1) A v AN 4 B b i B0 2 05 st
KIH T M RER B B TR b TEHE RN R AR, R R R R — R
TR Ay T/ 3K AR 2R 71 () — 5 o %) SCRS 099 4 DG sl /0 78 2 T ) 28 S e /S, R T 6 17 08 22 1D e 5 08 5N N
TR ASE Y (A, 2R Ik B B T — S S ). DR b, R T P 0 SR S I B 5 2% 20 J 1A (E TREC 2012 W& iR i 2=,
5.1.2  FEAESCRYEE X HET B ) R

RSO BCRAE A ) — A I T RIS B 20 2 TR I S50, 3 b 2 R 2 20 1P i 3 3 e 4R st
B v TRATT 43 00T W HE A 2R 45 TR v HE 44 ST 1K 20,40,60,100,200,300 AN SRS TR 3l — R A1 (10 S2 86 BT 9T B 2K S0
R A0 HE 7 5 P R R .

F 4 FFk 5 M FATEZR T LA P30 AT MAP g iE4 F5 b, 1 R 28 B b [ 2 115 D0 N R SO B HE v 2
SRR PRS2 M RIS AR R AN HEE B R AT EM I 2 KM B8 073, SO $i it X TREC 2011 () 5% Wi 47 1]
B/NF TREC 2012 Bl K TREC 2011 & 2012, i SR IEWIME b /B4, RIS H &% TREC 2012, TREC
2011 & 2012 [¥5% AR T2 KT TREC 2011 AR AE 3 AN M4 b HRAF 85 U A 1) SCRY B0 A TR) L AH & AN T A5 A 1)
FEAE D E SO, R RS SCRI AR 1 2 T A, B 21 P30 w2 ik B SR AR 7] I B A ok 3 2 81 I 8 R FH Wi
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— PP IR B B B AR BB P30 J0 2 L7 e AR R SR B R AR AN R A w4 B XA Rk R

HAT AR 52 Wi A0 15,48 TREC 2011 _F ZRIESCRYHCE X MAP (¥ 52 0 AR 6 82/ AT F ol X2 i T
TREC 2011 vk 44 52 11 (1 SCRY ) e 2R A Bt e 1), /5 TREC 2011 w1 T 45 2 0 ¥ MAP B 12 % T TREC 2012.

XA FHEE TREC 2012, TREC 2011 A7 75 55 2 (125, & AT I A ks 28 45 A v 1 42 S i 1) SORS 15 465 5 A i)
FRAH G B .

Table 4 Experimental results obtained by applying CTL with
different numbers of clustering documents (b=0.4)
&4 2 b=0.4 B AFEEH RRICRBE T CTL MsEi 45 3%

| [ 20 [ 40 [ 60 [ 100 [ 200 [ 300
TREC 2011

P30 0.400 0

i MAP 0.3425
KM CTL | P30 [ 04000 [ 03980 [ 0.4088 | 0.3932 [ 0.4048 [ 0.3551
- MAP | 0.3399 | 0.3334 | 0.3379 | 0.3206 | 0.3300 | 0.2985
Em cTL | P30 [ 03952 [0.4034 | 0.4034 [ 0.4068 [ 0.4014 | 0.3939
- MAP | 0.3297 | 0.3346 | 0.3385 | 0.3357 | 0.3274 | 0.3236

TREC 2012

P30 0.3373

i MAP 02121
KM CTL | P30 [ 03429 [ 03621 [0.3672 | 03571 [ 0.3588 [ 0.3492
- MAP | 02203 | 0.2336 | 0.2240 | 0.2116 | 0.2308 | 0.2106
Em cTL | P30 [ 03492 [0.3537 | 03559 [ 0.3559 [ 0.3633 | 0.3452
= MAP | 0.2240 | 0.2263 | 0.2222 | 0.2100 | 0.2195 | 0.206 9

TREC 2011&2012

P30 0.365 7

= MAP 0.2713
KM CTL | P30 [ 03688 [ 03784 03861 | 0.3735 [ 03796 [ 0.3519
- MAP | 0.2746 | 0.2789 | 0.2756 | 0.2610 | 0.2758 | 0.2505
EM CTL | P30 [0.3701[ 03762 | 03775 | 03790 | 03806 | 0.3673
- MAP | 0.2720 | 0.2754 | 0.2749 | 0.2670 | 0.2684 | 0.259 9

Table 5 Experimental results obtained by applying CTL with
different numbers of clustering documents (b=0.6)
5 24 b=0.6 N AFEHRRECRIBE T CTL M4 i

| | 20 | 40 | 60 | 100 | 200 | 300
TREC 2011

P30 0.400 0

i MAP 0.3425
KM cTL | P30 [ 04061 104007 [0.3993 [70.3905 [ 0.3898 [ 0.4068
- MAP | 0.3335 | 0.3235 | 0.3258 | 0.3209 | 0.3319 | 0.3401
EM cTL | P30 [ 04041104061 | 03973 [ 03912 [ 0.4068 | 0.4068
- MAP | 0.3419 | 0.3322 | 0.3200 | 0.3297 | 0.3394 | 0.3325

TREC 2012

P30 03373

i MAP 0.2121
KM CTL | P30 [ 0361003582 [0.3621 [ 0.3486 [ 03571 [ 0.3610
- MAP | 0.2221 | 0.2190 | 0.2229 | 0.2172 | 0.2281 | 0.2306
EM cTL | P30 [ 03554 03480 | 0.3582 [ 0.3508 [ 0.3650 | 0.3463
- MAP | 0.2159 | 0.2193 | 0.2194 | 0.2169 | 0.2378 | 0.206 2

TREC 2011&2012

P30 0.365 7

i MAP 0.2713
KM CTL | P30 [03815]03775710.3790 [ 03676 [ 03719 [ 0.3818
- MAP | 0.2726 | 0.2664 | 0.2695 | 0.2642 | 0.2752 | 0.2803
EM cTL | P30 [ 03775103818 | 03759 [ 0.3691 [ 0.3840 | 0.3738
- MAP | 0.2731 | 0.2705 | 0.2651 | 0.2681 | 0.2839 | 0.2635

AR LLE S5 153 A TREC 2011 b, kT JE S 0 B 4k 52 23 5 1000 BRSSO B B0 BoAT S 4 68 e 1 i
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7E TREC 2012 | BSR4 pe A 72 AR 45 %, X 2 RN 7E TREC 2011 Bl df ki 28 45 AR 4 2 b HE 42 SERT ) SC
PP AL T 5 A . 3 RS A (0 R DAL T S80I A SR 2 T 11 2 S N R AR B K IR, B 3R K SR A
SR A AN S 5N K 1 W 5 SR, DR A R SR B T AR ¥ 5 B P TR A TREC 2012 iy, Hy T AR R 3 [ 11y
W16 K 2R 45 L 90 485 7 1R A OG5 B 2>, 5 S30RE A 2R 28 SR 0t P 385 o, R AR AN AH DG 1) SCRY 23 R R A G,
ST TR R 22 1A 55 SRS 5N AT AT T G 3 45 1 P A 5 SR AR R IO 260 222 1) e 1
52 EFREMBENEERNFEIAZNIRERESN

S AT AR AT T A 2 S Uk S 56 45 T 3% 6~ 2 €0 REL (350 43 3 19, AV T B8 HE ) 0 2 o T A o 2% 30 7
(Adapt_CTL)AHLL TL HAT il b B vt B 0 2446 EM S350 W1 AR A 2R 45 S SR 28, 3 0 2 ) O vk
Adapt_CTL 7E TREC 2012 ¥4 P30 # & T 5.01%; 41 H K-means K20, A LL P30 i& & MAP b V7l b5 #E,
# TREC 2012 I,Adapt_CTL ALt TL #EA G iR E W4 = (4 P30 B3m T 6.70%, 4 MAP Ligm T
6.98%). I i X Adapt_CTL ¥ #5147 43 #7.

Table 6 Experimental results obtained by applying the adaptive transduction method
F 6 HIENEMER YIRS E R

TREC11 TREC12 TREC11&12
TL Adapt_CTL TL Adapt_CTL TL Adapt_CTL
EM
P30 0.4 0.403 4 0.3373 0.354 2 0.365 7 0.376 5
MAP 0.3425 0.3401 0.2121 0.2137 0.2713 02711
K-means
P30 0.4 0.406 8 0.3373 0.359 9 0.365 7 0.376 9
MAP 0.342 5 0.341 9 0.212 1 0.226 9 0.2713 0.272 9

TELL R iter_MAP FlI Iter_P30 43 AARERAS A AQ K B B M 50 A8 B B 2 T 2R 2R L A
5 2 T7 AR 2 1K) MAP 1 P30; MAP F1 P30 W 43 il A 2 B A0 5 (1) B Y 2R 38 07 VAR B i Ae 2 45 L B b i
AR FRARFRIEAR B P AL FR 1R MAP 5 P30.

Bl 3 i n T Al K-means 1 2 SR S0 I, A B AR BB B G D0 N AN S ER AL J5 3 T 2R 10 B IE N HVE
# TREC 2011, TREC 2012, TREC 2011 & 2012 ¥ ‘& &5 B 1 L 45

(TREC 2011) (TREC 2012) (TREC 2011 & 2012)
0.38 0.40
040 ittt 0.36 Hrer s Hr MM 0.38
0.34
0.38 —+—|ter_MAP 032 0.36
0.36 —de— MAP 0-30 —+—Iter_MAP 0.34 o—Iter_ MAP
: Iter_P30 028 —h—MAP —4—MAP
034 —im P30 : Iter_P30 0.32 Iter_P30
0.26 —P30 0.30
. ——P30
0.32 0.24
0.22 Wﬁm‘ 0.28 ot PN
0.30 0.20 0.26
1 35 79 1113 15 1 3%% 7 9113 15 1 35 79 1113 15

Fig.3 Taking KM as the clustering algorithm, the retrieval effectiveness of the proposed adaptive clustering
approach on TREC 2011, 2012, 2011 & 2012 with optimal parameters and different settings of the iterative count
3 AH KM R3S BRI B3l N SRR LA S AR B B T,

#£ TREC 2011,2012,2011 & 2012 | [fyk 22 45 3t

A LAE HAHEEAE S 5.1 A9 iR R &5 SR IK K 2 AR Ak, 1) 36 BV (0 3R 2 25 S0 S0 B A SE A ) B A L A b,
SR IEAR B 3 0 O6 Ho Mk AR R BT 12 1), G M VA E TREC 2011 1 (S 2R 45 AT TN sl (1
A MBI B HIAE 11 22 I, B8 B 2% 3 SR ) 45 # 1 Re R B R 4 ;78 TREC 2012 LA & TREC 2011 & 2012

Py [0 B 2 3 B0 I PE B B A R AR TR B 0 7R A SR AR R R L T S R 1 A Ik R AT D A TN T R IR
5 T 4 R 7 (R 5N 2 T SRR B 22 ) Oy v e 1 sh IR 1 R RV B0 B R 58 S SOR IR 3R 5 B2, Mg 44
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IR TR S PE. 2 T TREC 2011 bk ARIREOR T 12 I, 1738 I 27 ) S IR R - P e 0 0 s 3 K i
A RESE N TE TREC 2011 b HF 44 S0 1000 A K 22 45 S A5 15 1 56 22 15 v o) 3 SR O (14 5, ik 44 0B 5 i 1 5C
FUHE AT BAH OG5 B A R 5 7 ) B2 AT QB AR T 12 B 5 2 12 58 5 00 SCR N 21 £ b i
Heths v DR BRSO b e 50 10 T, DT AR S B80T HE R 2 2 R I I B R

Bl 4 7R T AT EM AR R 3R 8500 36 T SR IS IA 8 N 2% X VR AEAN AR U R R = M RE 1A LU 3 A LG
KM BB B R4 R LT EM I BIE N 22 ) B S It RE A 22 — 280X 3 LR ILFE TREC 2011 |43k
FRUEARHIAE 2 LA I, 8 WY 2% 2] B0 (R 22 1 R A8 A0 MR J3 95 K AFL 2 S AR D 6 T SR 21 0@ N 2% ) ik
(17 A L A G B ) R T 0 s A SR A i o AN LR B OE NS ) S AE TREC 2012, TREC
2011 & 2012 [ Bl %A VA 03 IS 2 28 g 9 2R A% BT LUR W R b7 RN & L P30 iE /& MAP A VEN #5
b R IEAR BN 1 AR 3] 16,36 T 2RI 10 [ 3E W 2% X BV IR 28 1 R S AR CR R A o 3 A s — 0l T e ke 1 7
SINFBG TR AR A R A 5 25 TR B M B S ) Jk M St T8 m

(TREC 2011) (TREC 2012) (TREC 2011 & 2012)
rr 0.38 0.40
0.40 1 034%9%% 0.38 seseaett Hatitse
0.38 %4 —o—Iter_MAP ——Iter_MAP 086 e VAP
—4—MAP 0.30  —&—MAP 0.34 — MAP
0.36 Iter_P30 e Iter_P30 0.32 Iter P30
——P30 26 ——p3o 030
P30
0.34 b2 0.28
0.26
0.32 0.18 24
135 79 111315 135 79 111315 135 79 111315

Fig.4 Taking EM as the clustering algorithm, the retrieval effectiveness of the proposed adaptive clustering
approach on TREC 2011, 2012, 2011 & 2012 with optimal parameters and different settings of the iterative count
Kl 4 ATH EM 5 SN B 1G5 EE A FIE AR E R,

#£ TREC 2011,2012,2011 & 2012 | ik 22 45 4t

25 L PTIR BT RIS B0 Y HE A% 2] (Adapt_CTL)AH L CTL stk AR Uk B0 i) 0B P B A 3k 3 vk A
Adapt_CTL 8 EAT 5L A H P FRATUCA A I T 2R BEAT A i 42 B 2k 1A 2l e 4 2R 2 SRS ) A A
FEZ )5 Adapt_CTL [ M5 S I ] 4 — % v 1) SRS SORS 1 58 & BE B AT AL M0, AT RE6 DRAIE £ 1 tht B 2% 2] %A
e r R v 2 A AU SORS I N SR G % AVABLE AIR IR SO 8 3 el 3 77 ik, Adapt_CTL A7 Rl 1A 72
A R I (K 5 LN TR ARt LA S 4 1) 45 e 11

6 HZRERE

R AR () Tt 5 HE 3 2% 20 SR IR 1 e A T 1) S i T SR 28 1) L 2% 50 v AR AT LA FH 7 TR N 45
R IS LT AR AR TR S R b 1 W AN 2 50R S 1 M DL B2 2R 28 SCRS 0 X B Y ) Pk e 8 o A U S ) AR R
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R S0 25 B3R B e 4 1) HE T 2% ST I e X SR S B 1 R R S SR i A R MU ) A B TREC 2012, TREC
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PE LR EM 52 KM SRS L BRSBE R SO SR A5 2 T O fb, S i HE 7 2% ST i v e st e 13 204
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