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Abstract

In practice, methods of learning to rank for information retrieval typically represent
training instances as vectors of features and exploit supervised learning to automatically
produce an effective ranking model (or retrieval function). This paper measures relationship
between features using rank-order correlation coefficients, based on which second-order
context vectors are derived by projecting first-order raw vectors into the feature correlation
space. A novel learning method is then proposed, based on second-order context vectors, to
train a ranking model (in form of linear function) by RankSVM. The proposed learning
method was evaluated using the LETOR 4.0 dataset and found to perform well, in terms of
metrics of MAP and MeanNDCG.

Keywords: document retrieval, learning to rank, feature correlation extraction, feature-level
second-order representation transformation, ranking prediction and evaluation
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o> Wi Zw,, FEEH Eq. (B)VRHBBATAERR C 1Fh /iS5 210y — PSRRI -
RIUES AW e VR A & PEREEHIT A -

VY ABTeEE AR EUn 8 T FE R R Tk

ID | ¥ 77 A LAY stEH

D @EW%&% w®?ij =d,;-C, ¥t C g C, SRS iR E
(DOt-PrO UCt) %W(Z)i,j,k 2% ai,j ‘E/’—’j\iék E@ﬁ%?ﬂ*ﬁ

L | [e&smEszc i | 5Ea 2 [25][26] 1. R C (Ea RE R

(Latent Semantic
Indexing Based)

1. e e ey S oy A

C=Usv’

(Singular Value Decomposition, SVD)
ARG U ~ S BV HYSERR
2. fRx C HYRL{E(Rank) & p > 4EEX(E

F5 0.5 SEEIEMRBIER LR 1.0 - HEBGERBIRHEBRAR -
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2. #EE4){E(Dimension
Reduction)®
C~C,=USV'

3. & (Folding-in)
d@=d'uU s*

i,j — Yi,jT ¥z

BEEEE z(z<p) REUELVEY
Al z (TR R S BVEALR{sy, ...,
St o (SRl —(EAT U C HAEE 2 x 2
FBTFERE C,

3. W PERAE AR, TRE T
z x 7 WIS MERRIRZE ] S, 53 &R

B B Ed®

3. HhFEAERRE

[ — {5 PR RERF R R HERTR - BERankSVM  [19]E1 TR AIER
H © RankSVMRHE Ry {[E &5 B AR AH Y P R s fum B pl— (P el
[ > WLAPIPFESH (R - (T (A el B S B R ) Ry BEAL » (o A SZ PR A
(Support Vector Machine; SVM){G£ —JTorfies » AR EHH o3 38 Ry IERE AR
7 o ABRSEE AR TESVM™ T B © o A AR f — & o X (Linear
Function)f =0y 7 8ias - FIACHIBIRT R SCA2 5 Ry IEMERRY » HEM RS A S
e -

Fr IR E - ASCEERE RankSVM (IR IRIE A 48 25 SRR B B mT 1M Rk
B B EEARREEASHEENVEE - H > ASHRHAE T HB REOE TR
Fu B BV R PR R R AU > H LEEDANIE A RE RankSVM > 7
A S AN R R BRI EAR RS EE R RSN -

4. FRF TR RER AL

oIl SRS BRI H R A R RS Ry i cH AR AH BR MRS - “E R ELAH R E B
Bt AR - BTS2 — 351 - EJEEER - HRETEH gna BEUFES
D(@m+1) = {dm+11, ooy Ay 3o EE{ f(Qne, dmer1), -, F(Qmet, Aoin, Ve AR f
HURRECE L > AEIELHE D(Ome )AVSCIFFERPTE By Omed FUERSSESR » IE—1ERRRIFTEE VT
FEH -

HRFP R S TR 1 AR E e e PR DA R BRI i & A HR PR - [E)45
Ht > PR RIS R /A e AR AR SR T AR AE - 5 & MAP [2]1 NDCG [18]
BRI E HRRHETER - EIESUR T AT 2 e 8z v fhEbi - [Nt - ASR
FI MAP £ MeanNDCG (R[> A3 23y NDCG P {E) (E Ry - R AU H R RE RS TR AR -

o~ EERGR
PUMRFF 8 EiaiE Ay ER - B e fMErEEsR -

1. LETOR &k}&
R HY &R #ELETOR 4.0% » f1:4:MQ2007 FIMQ2008 R il -4 » $2Ht & s fin

| RIEERASE  BE AN GHEE C A - R U, 81 S, ki — R s n S8 e
BRI ZER S, -

% http://www.cs.cornell.edu/people/tj/svm_light/svm_rank.html.

19" http://research.microsoft.com/en-us/um/beijing/projects/letor/.




12 jie AL FE A HH R (B o e B R e 2 R PP RS

PR A E AT M FIRPLL B R R TEIE TR - AHTTE RV E R Z
MQ2008 T4 ' » 3% T-4E4F 800 {E#rs - 4t 15,211 (HA BT A4 - {H A
SHEAHA 46 (BRI R B m B B ORI (FHEUE BBy IR T AR A
SRS AHAVE RIS ] - 7 R—E s R4 - AR - RS -~ FF
A BRSO AERER) - MQ2008 S U)EIRL 5 (#EEA » LLAETT 5-Foldzg X
E5=8(Cross Validation) - £{E& &7 © (1) Training Dataset 3|42 » 1575 9,127
{&%f4H ~ (2) Validation Dataset I 2KEHE A S BBk R i 22 » SEITH 3,042 ]
&H - F2(3) Test Dataset F kAL HEFEAIRYRTAE - ~F3TH 3,042 {4 - LETOR[EEFE
HEMAPHIMeanNDCGEF T H i ZAEFFLEELAE (Baselines) Y45 SR AL LT

MFEAEH > 46 {[EHFEEFZEH TF (Term Frequency) ~ IDF (Inverse Document
Frequency) ~ TF*IDF ~ DL (Document Length) ~ BM25 [34]F1 LMIR [53]aH5% @ (RS2
(REiEZE SR MITA DA FE AR E - DURHEUERAME SRR - 2249117 = » TF*IDF of whole
document (I1D: 15)£1 BM25 of whole document (ID: 25)&}& TF £ IDF f#1 > R4 2]
TPAEAHRAYE - HEL TF f1 IDF fZAEABRME: < 5540 7347 MQ2008 /Y Fold 1 FEE& 35 »
SR E R A 9,630 A B A ¥4H > DL 46 (ERHEETH L5 442,980 (9630 x 46 =
442980) (R E » HAPFHEUE B ZEFT SRVELGZE 47.23% - VIR RAEEM FES
thHr BTER 221551 (Fold 2 41 47.16% ~ Fold 3 2l 47.07% -~ Fold 4 1% 47.41% ~ Fold 5
&g 46.91%) - I S BHETEAREITE49H 47.16%0F EE BZ - BIFEER
WRERME o 4O R RITEE 22455 » MQ2008 ERIMEFF A AT FEE 7 ) E0E M -

FZ 7.0 MQ2008 F 2R F2 & shy B S (- S 4H [ 2 1Y 46 {5

1: TF (Term frequency)

13: TF*IDF of title

25: BM25 of whole

37: LMIR.JM of anchor

of body document

2: TF of anchor 14: TF*IDF of URL 26: LMIR.ABS of body | 38: LMIR.JM of title

3: TF of title 15: TF*IDF of whole 27: LMIR.ABS of 39: LMIR.JM of URL
document anchor

4: TF of URL 16: DL (Document 28: LMIR.ABS of title 40: LMIR.JM of whole

length) of body document
5: TF of whole document | 17: DL of anchor 29: LMIR.ABS of URL | 41: PageRank
6: IDF (Inverse 18: DL of title 30: LMIR.ABS of whole | 42: Inlink number
document frequency) of document
body
7: IDF of anchor 19: DL of URL 31: LMIR.DIR of body | 43: Outlink number
8: IDF of title 20: DL of whole 32: LMIR.DIR of anchor | 44: Number of slash in
document URL
9: IDF of URL 21: BM25 of body 33: LMIR.DIR of title 45: Length of URL
10: IDF of whole 22: BM25 of anchor 34: LMIR.DIR of URL | 46: Number of child page
document

11: TF*IDF of body

23: BM25 of title

35: LMIR.DIR of whole
document

12: TF*IDF of anchor

24: BM25 of URL

36: LMIR.JM of body

U ORTEE R TRIR MQ2007 T A (E R B ) M B~ AR SR AR

pENEt 7 Gl IR SRR B R R e o

RERE » (EERH IR REFF U B BB il MQ2008

o BT A S Y R R B BB O SR P - ST S AT T AR © RBE > ASCE R

MQ2008 ARG

AT 7 A/, -
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N BRI A E RS H ]

Relevance Label | Query f f, oo | Ta6 DoclD

2 (definitely Qid:10032 | 1:0.056537 | 2:0.000000 | ... | 46:0.076923 | #docid: GX029-35-5894638
relevant)

0 (not relevant) | qid:10032 | 1:0.279152 | 2:0.000000 | ... | 46:1.000000 | #docid: GX030-77-6315042
0 (not relevant) | qid:10032 | 1:0.130742 | 2:0.000000 | ... | 46:1.000000 | #docid: GX140-98-13566007
1 (possibly Qid:10032 | 1:0.593640 | 2:1.000000 | ... | 46:0.000000 | #docid: GX256-43-0740276
relevant)

2. BBEUE

(1) BkEE
TSI ERREHAVEREOE - EL (£H MQ2007 EEFEFF RN - Fll%k - 5
ra SOMEVERHE ] MQ2008 » HHYE STl LA FI M E B RHE S RNV EEE B i PR

BN ) 7

E2 {85/ MQ2008 iy Training Dataset /ZfEFH i ZRAE H > FII4R ~ B

ra SOMEVERHILE A MQ2008 - H Y ZatHih DUH EMEE B R RS 2R R R R

PRI ERE 5 -

Tt ERERECE

ID | FrEA

s l| SR

ENAS

st

A ER

El

MQ2007 (All)

E2

MQ2008 (Training)

MQ2008 (Training)

MQ2008 (\alidation)

MQ2008 (Test)

(2) 2RECE

SH

2L 2=

e e

Q) B

AT =
SEETE

HE R 4L 28 > Fo(2) SYM™ ™ 1y -

AR DAL EEL B E 2 - SBHIRER - R EEARERE C AYRE Fs p ~ 4
FELHEELBI s 20% 2 {HEEE £ 0.2 x po B R 5 ZE o] RENV4EFE LM BELFI{10%, 20%, ...,
90%} - F|HB#zE & fH(Validation Dataset) K15z MAP HHI4EELILELRT - W PAZAE

Ryl

TE 7 [HATHHE - SVM™™ (G LETOR %

sy a

HEAY

ESHUR ¢ <C>-¢0.001-11 >

s <C>Hy Al 5E{#{0.00001, 0.00002, 0.00005, 0.0001, 0.0002, 0.0005, 0.001,
0.002, 0.005, 0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1, 2, 5, 10} - (s &R KISa

£ MAP HI<C>{E - I LAZAE(E Ry AR Y

3. AHAhEER
RPN RRE SFAS TS PEAR A MAP 8 MeanNDCG (R[> FrA E5HY NDCG 145
1H) » HE{ESESE L RHEERE - FEIBEME LI MAP LR R £ - AEIT AT
SIEEREIR(ESHH MAP HETH SR - E551H MeanNDCG fEEEH -
HERGEREHNFR ) FIFSL - £ > RankSVMIEETELELAE - BRASITAEAR
[ElaErsi e > PIE{L, 2}-{AP, G K1, P, SD, SR, K2}-{D, L}l - E{1, 2}R/m3LHY 2
TREERERROE {AP, G K1, P, SD, SR, K2}fEZR =1y 7 FEHER-HE (r &k #e {D, L}
RV 2 fif e B - PE R B AT E - FE9RT Ay E o EEBUE R AR &E R

2L 2=

B AE °©
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fHEHARankSVMEERFHLLAET = - Bt~ 41 - LUBZRE

AT =
SEETR

R [ M E R

HEATEEEERE PIRTHEAS R > FIZREMELEE Ty PR {E (Upper Bound):% -

) BUNEEEHF A HHR (RBCR B IR T > B AP~ G~ KL1-P~SD SR K

K2 73 » B4l & e « E1-AP-L » E1-G-D » E1-K1-L ~ E1-P-D + E1-SD-D ~ E1-SR-L
Fr E1-K2-D » iS b4 &5 (B RankSVM » $2FHEEFIE 0.75% - 0.69% - 0.39% ~ 0.32% -
0.56% ~ 1.64% k7 1.04% o {E[&E &R & Py BReE T > ¥ D FI L 2kER - stk
U SRR ' E1-K2-D Fil E1-SR-L fi & /857> RankSVM s 2T EE I 1.04%7(1 1.64%:
&5 D Ml LI - 14 45 g (B) > EL-{*}-{D, L}){% E1-P-L t& RankSVM 7% » HERHNLE
RankSVM & - fx1% » & L.UB I » 7 4032 E (B - EI-{*}-L.UB)&LLAE D BRI T2
HifE - H&MEEAGHRAA SR RankSVM » 271+ EEfIE © EI-AP-L.UB (+1.49%) -

E1-G-L.UB (+1.78%) - E1-K1-L.UB (+1.40%) - E1-P-L.UB (+1.45%) - E1-SD-L.UB

(+0.96%) ~ E1-SR-L.UB (2.12%)#1 E1-K2-L.UB (+1.59%) -
FIEAE EEHE B GBI RE T » B AP -G~ KL -P~SD SR k&

K2 7ksh  EfEtl e - E2-AP-D ~ E2-G-D ~ E2-K1-L ~ E2-P-L ~ E2-SD-L -~ E2-SR-L
K E2-K2-L » 33 #b4H & E B> RankSVM » F2FHELE1E: 1.05% ~ 0.61% ~ 0.91% ~ 0.20% -
0.35% ~ 0.82% ¢ 1.22% - {E[EE R A2 —FEEHAaI R T > ¥ D Ml L 2K
UHERFEE « E2-AP-D fll E2-K2-L » fH#:7 RankSVM A2 FF LGS 1.05%51 1.22% -
&5 D Ml LI 14 4Hae e (B E2-{*}-{D, L})F& 1 E2-P-D §f» HEk# &> RankSVM-
Bef%  BRE LUBIF - 7 4HaE (R » E2-{*}-L.UB)ERLLAE D HYfR(: NRFLLE - FrA4d
LEERS RankSVM > FEFHELGIE: + E2-AP-L.UB (+1.66%) ~ E2-G-L.UB (+1.74%) -

E2-K1-L.UB (+1.47%) ~ E2-P-L.UB (+1.35%) ~ E2-SD-L.UB (+1.46%) - E2-SR-L.UB
(1.77%)F1 E2-K2-L.UB (+2.49%) -

#/\ * E1 5%E | MQ2008 HyEHli&S R

RWVAY

G

e fE

Model MAP MeanNDCG Model MAP MeanNDCG
RankSVM 0.4696 0.4832 E1-P-L 0.4692 (-0.08%) | 0.4798 (-0.71%)
E1-AP-D 0.4722 (+0.55%) | 0.4855 (+0.47%) | E1-P-L.UB 0.4764 (+1.45%) | 0.4852 (+0.41%)
E1-AP-L 0.4731 (+0.75%) | 0.4871 (+0.81%) | E1-SD-D 0.4722 (+0.56%) | 0.4843 (+0.23%)
E1-AP-L.UB | 0.4766 (+1.49%) | 0.4878 (+0.96%) | E1-SD-L 0.4719 (+0.50%) | 0.4857 (+0.51%)
E1-G-D 0.4728 (+0.69%) | 0.4873 (+0.85%) | E1-SD-L.UB | 0.4741 (+0.96%) | 0.4862 (+0.61%)
E1-G-L 0.4710 (+0.29%) | 0.4836 (+0.08%) | E1-SR-D 0.4714 (+0.37%) | 0.4853 (+0.43%)
E1-G-L.UB 0.4780 (+1.78%) | 0.4888 (+1.16%0) | E1-SR-L 0.4773 (+1.64%) | 0.4863 (+0.64%)
E1-K1-D 0.4698 (+0.03%) | 0.4839 (+0.14%) | E1-SR-L.UB | 0.4796 (+2.12%) | 0.4842 (+0.20%)
E1-K1-L 0.4714 (+0.39%) | 0.4839 (+0.15%) | E1-K2-D 0.4745 (+1.04%) | 0.4850 (+0.38%)
E1-K1-L.UB | 0.4762 (+1.40%) | 0.4887 (+1.13%) | E1-K2-L 0.4710 (+0.30%) | 0.4839 (+0.14%)
E1-P-D 0.4711 (+0.32%) | 0.4807 (-0.52%) | E1-K2-L.UB | 0.4771 (+1.59%) | 0.4875 (+0.88%)
FJ1: E2 3E T MQ2008 1Y FHhi45 5

Model MAP MeanNDCG Model MAP MeanNDCG
RankSVM 0.4696 0.4832 E2-P-L 0.4705 (+0.20%) | 0.4839 (+0.14%)

2 bbb a BYRHEHETIERE] > 5HETT  (b-a) /ax 100% -

B BB R S8 z E<CoHIE - AT T BB T ) MHE - TTRERY 2 (A 9 - <C>EAE

19 {i -

171 fEHE -

TPk A e MAP VA S 1E R 1L

2Lz

a e °©
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E2-AP-D 0.4745 (+1.05%) | 0.4863 (+0.65%) | E2-P-L.UB | 0.4760 (+1.35%) | 0.4868 (+0.75%)
E2-AP-L 0.4728 (+0.67%) | 0.4886 (+1.12%) | E2-SD-D 0.4709 (+0.28%) | 0.4855 (+0.48%)
E2-AP-L.UB | 0.4774 (+1.66%) | 0.4875 (+0.89%) | E2-SD-L 0.4713 (+0.35%) | 0.4868 (+0.75%)
E2-G-D 0.4725 (+0.61%) | 0.4850 (+0.37%) | E2-SD-L.UB | 0.4765 (+1.46%) | 0.4867 (+0.73%)
E2-G-L 0.4707 (+0.24%) | 0.4855 (+0.48%) | E2-SR-D 0.4729 (+0.70%) | 0.4858 (+0.53%)
E2-G-L.UB | 0.4778 (+1.74%) | 0.4895 (+1.31%) | E2-SR-L 0.4734 (+0.82%) | 0.4858 (+0.54%)
E2-K1-D 0.4715 (+0.40%) | 0.4851 (+0.40%) | E2-SR-L.UB | 0.4779 (+1.77%) | 0.4876 (+0.92%)
E2-K1-L 0.4739 (+0.91%) | 0.4866 (+0.71%) | E2-K2-D 0.4721 (+0.54%) | 0.4864 (+0.67%)
E2-K1-L.UB | 0.4765 (+1.47%) | 0.4882 (+1.04%) | E2-K2-L 0.4753 (+1.22%) | 0.4866 (+0.70%)
E2-P-D 0.4675 (-0.46%) | 0.4837 (+0.10%) | E2-K2-L.UB | 0.4813 (+2.49%) | 0.4903 (+1.46%)

BRSNS > A7 A0S A HE RankSVM 2R EREARUAETEF > BEEGER

A S A E T B 4 e L M b P R 3 07 351 ]

1T - B > R/ UNIRIUZHEH MQ2007 &1 MQ2008 (Training Dataset):t R 2Bk

1 yee

alug=|

YR -

H~ Bl

AR Y AR PR AR (R B R A B B e R T

g [ At

UGS o EEBHEZBEE [ RENERERECATEE - HILrH - Rt Fay

HiE BRI R RRE - HE A HEME BB R R R A R

ISEB
RIEHE |

TEBAUNRE (D) s AEREE NGRS > BRI ERENASEIE
ARG G PR Ry B RS B I DE PR AY - DURCH TR A B0 R o A A 2
HESA[23] © (2) Jrkaeat e - ATl {RAF 2T TR AV EHAEBHELE -
piran - A SRR IHE AR AR B R BE T R R ~ (E A FIRF e S e B

R E ~ BESEENRFRREF AT

SEFEE () 1A

S

HAHVHERE S BRE K EREETES] 2 (ERF4H - DU FE Rk (Data Smoothing) FIFEH:

FalizEs

G AP A 57 ) B (A T &) [El R e 2R B —

HUEEY 5 (4) ASOT7ENIREE R R RS TR
‘RN ZIERENFEEESNEESR - EREPETTFH

AWTFEERL > B (1) FIFESRHE REG TR R I REIRE - R
R A EFRR - A RO F R U

AHIREAER - F] RE EH B A

RIS EHA: -

HEFP PP IV RRIE ~ B A AR U S TR o BRI R B3 3% Je iy 28 it (Feature
Selection)#37fiy + (2) FFR BRI ETE (Y —PERBE A - A BAERE SRR
B ER S U T FERE AR B R B OHE R - RS m B FRER M R Rk
RIS R H IR © (3) PR B —FEREURAEE - #5 RankSVM [19]

SR E R R PR

1] B3 33 fin
£ 2

ST AR AT RS - FHBRSE SR el L H AR e 255 -

N~ EEm

MGEERET) 5 (4) (£ LETOR 4.0 BRERHA

AT PEFPARRR (R 3T EA R AP R YRR BRTRSR S » RS AR Ry

BEGRE o/ R - R BRI B RUN EIR R - (BSRr R B PR e
“PEFRA - FEILIEA R AR G B EUE I R R R B AL SRR A ) Bl vT RE
KEHIRE - [Flly - DURH IR B PSR AR AR - SRR B A N A




16 fie FAL I FE A HH R (B o e B R e 2 R P R SR

R PR AR - R E T RER AN EE e R (R B R R S & e
RHEP AN 7% - EFIFER A 7 TEHEAH R %8 (1) APCorrelation~ (2) Goodman
and Kruskal’s Gamma (G) ~ (3) Kendall’s tau (z) ~ (4) Pearson’s r ~ (5) Somer’s d ~ (6)
Spearman’s rho (p) * J2(7) Kendall tau distance - S5$2H 2 fEEE 0 & PSR EEE R T
& (D) mENTEE - B(2) BEsEERRT R - &% H IEREE R EFE R
B > B4 RankSVM HETHRFPRAIEY - E MVHEEFP AR — & k=0 =
ZIuorEEs  FERFIRIRT R S S R IERERE T - M S @I AT SRR 75 -

Ei{HH LETOR 4.0 ERMERSEA ST AN T IE AR BHEFEEEERF MAP
#11 MeanNDCG - ;A RankSVM JfAE - Lhi — PR m & BT PR A 55
OB o BHLEE AR ¢ (1) £ MQ2008 HYMIENE R | - ARSI AR S FEAH SAHER
RankSVM ERERUGESEST » SREAASCATHENE A A HE T tERA (R 8 R m) SR &
SRR BEPEAIEE TN AT © (2) FrERAaE B R s B P A 228
AL B EIMEAE R B R A R AR -

RARATHEIRTE T HA (1) B EATHE MR A Bk et BB
(EFR R ER e RREEERN T & - LS SEENR R &SR EAE R
EEEEL Ui e & PEREEIIE A FECE FEUEREE G (2) A
PR B AR P Y 51 [ 2 (B T E)F R B — R &R0 » Dot A ER ek
FrRe 7R ~ B m EAR S e R R B IR R - B TR B BB g b 45 -

Eizd
AT FE R E SRS EE T2 (MOST102-2218-E-178-001: A HR - HHBE B
TR B e RS 2 Bl R R A @ et 5e ) IR Bl - s -

SRR
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