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Learning to rank based on user relevance feedback

CAl Fei, CHEN Honghui, SHU Zhen

(Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha 410073, China)

Abstract; Many information retrieval applications have to present their results in the form of ranked lists, in which documents must be sorted

in a descending order according to their relevance to a given query. This has led the interest of the information retrieval community in methods that

automatically learn effective ranking models, and recently machine learning techniques have also been applied to model construction. Most of the

existing methods do not take into consideration the fact that significant homogeneity exists between query-document pairs related to user’ s feedback.

In this research, a novel method which clusters patterns in the training data with their relevance from the user, and then uses the discovered rules

to rank documents at query-time. A systematic evaluation of the proposed method using the LETOR benchmark dataset is posposed. The

experimental results show that the proposed method outperforms the state-of-the-art methods with no need of time-consuming and laborious pre-

processing.
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Fig.1 Information retrieval based on user feedback
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Training Algorithm:Training dataset —» Cluster relevance estimation model

Input: Query-document feature pairs D with corresponding relevance R and
cluster numbers X
Output: Cluster relevance estimation model that is every relevance level with its
confidence of each cluster

1: Loading query-document feature matrix D with m * n, row represents
examples while column represents features;

2: Dimension reduction by PCA, producing matrix D_reduced with m * 2;
3: Clustering in lower space by FCM( fuzzy C-means ), producing X clusters;
4: Computing each relevance confidence of each cluster;

S: for clusteri =1to X

6:  forrelevance level j =0to2
number of examples with relevance 0
T computing confidence 0 <— -
= total numberof examplesin the cluster
number of examples with relevancel
8: computing confidence_! -
= total number of examplesin the cluster
number of examples with relevance 2
9: computing confidence 2 <—

total number of examplesin the cluster
10: end for
11: end for

12: Retum cluster relevance estimation model with confidences of each level.

B2 YIGRE Bl A sl ik

Fig.2 Model formulation algorithm in training phase
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Testing Algorithm: Testing dataset —» Ranking list

Input: Query-document feature pairs Zwith no relevance R ;

Output: A ranking list of documents sorted according to their relevance to a
given query;

1: Loading query-document feature matrix 7 with m; = n;

2: 7 _reduced = PCA(T); T _reduced represent documents in a 2-D space;

3: Computing distance between every input example and each cluster center.
Choosing three nearest clusters as relevance estimation model and take down
their distance d1,d2,43,

4: Scoring documents associated with given query using the distance as weight;

§: for documenti =1 to M

3
6: rankscore, = " w, *cluster _score,;
i=l
7 while > distance,
_ eznw
wo=0D
> distance,
i=1

= *
cluster _score, = Zrelevance _level *confidence,
J

8: end for
9: Return a ranking list of documents sorted according to their relevance
estimation result to a given query

3 IR BSOS HE R S

Fig.3  Proposed learning to rank algorithm in testing phase
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rankscore; = Zwi x cluster_score;  (2)
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z distancej
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2008 2006 2004 2002
Only a few 27% 23% 24% 16%
The first page 41% 39% 36% 32%
The first 2 pages 17% 19% 20% 23%
The first 3 pages 7% 9% 8% 10%

More than 3 pages 8% 10% 12% 19%

B4 amsesE R o kR e RO B A gt it
Fig.4 Where’s the web-page clicked by user in
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Tab.1 Dataset partition
S Training Testing
Trial 1 S1.S2.S3 S5
Trial 2 S2 .83 .4 S1
Trial 3 S3.54.S5 S2
Trial 4 S4.S5 .S1 S3
Trial 5 S5.51.S2 4

Hi 3.2 5 N AT, 2 P A5 B AR ot
PR, X0F 20 [ 45 5 v o7 58 A Y SORY AR o R
A SC A P@ k X RLIEAT T 5250 L8R,
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ER R BE ST A REk (RSOl . BEAE & 1Y
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B 0 (] 25 SR v 7 S T 1 SRS 5 A 70 AR 4
JEROR, 5 28 HL P 5 B R oK

%2 MAP §f§ OHSUMED #{iE#E 45 R
Tab.2 MAP for OHSUMED dataset

Methods Trial 1 Trial 2 Trial 3 Trial 4 Trial 5 Avg Improvement
Ranking SVM 0.333 0.451 0.459 0.511 0.479 0.446 +1.12%
RankBoost 0.339 0.446 0.445 0.505 0.463 0.440 +2.50%
FRank 0.344 0.460 0.448 0.541 0.462 0.446 +1.12%
ListNet 0.345 0.449 0.466 0.517 0.468 0.449 +0.45%
AdaRank MAP 0.341 0.448 0.457 0.507 0.454 0.441 +2.27%
NDCG 0.348 0.449 0.457 0.509 0.447 0.442 +2.04%
MHR 0.329 0.442 0.456 0.501 0.470 0.440 +2.50%
PROPOSED 0.358 0.453 0.474 0.519 0.449 0.451 —

*3 P@Lkiffh OHSUMED ##E&ELER
Tab.3 Average P@ k of trials for OHSUMED dataset

Methods P@1 P@2 P@3 P@4 P@5 P@ 10

Ranking SVM 0.633 0.619 0.592 0.578 0.576 0.507
(+6.16%) (+2.91%) (+5.24%) (+3.98%) (+0.00%) ( +3.35%)

0. 604 0.595 0.586 0.562 0.544 0.495

RankBoost

(+11.2%) (+7.06%) (+6.31%) (+6.94%) ( +5.88%) ( +5.86%)

FRank 0.670 0.618 0.617 0.581 0.559 0.485
(+0.30%) (+3.07%) (+0.97%) (+3.44%) (+3.04%) ( +8.04%)

ListNet 0.642 0.628 0.602 0.576 0.574 0.509
(+4.87%) (+1.43%) (+3.49%) (+4.34%) (+0.35%) (+2.95%)

0.661 0.604 0.583 0.567 0.537 0.490
AdaRank - MAP (+1.66%) ( +5.46%) ( +6.86%) (+6.00%) (+7.26%) ( +6.94%)

NDCG 0.633 0. 604 0.570 0.562 0.533 0.490
(+6.16%) (+5.46%) (+9.30%) (+6.94%) (+8.07%) ( +6.94%)

MHR 0.652 0.614 0.611 0.590 0.565 0.502
(+3.07%) (+3.75%) (+1.96%) (+1.86%) (+1.95%) ( +4.38%)

PROPOSED 0.672 0.637 0.623 0.601 0.576 0.524
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