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Abstract

In this paper, we first introduce the de-
velopment of learning to rank and dis-
cuss the problems existing in this field
especially the ignorance of total order-
ing ranking. For dealing with the total
ordering ranking problem, we assume
a method “feature ranking”. Based the
assumption, we design two algorithms:
Feature Rank and BL-FeatureRank.
BL-FeatureRank with balance control
is a complementary algorithm of Fea-
ture Rank for the purpose of perfor-
mance improvement and robustness.

Keywords: Total ordering ranking,
feature ranking, balance control

1. Introduction

Learning to Rank is aim to use tech-
nology of machine learning to get rank
function that describes a ranking prob-
lem in document retrieval, collabora-
tive filtering, recommendation system,
text mining and so on. In terms of
distinct aspects to this field, learn-
ing to rank has been categorized into
three major approaches: Pointwise ap-
proach, Pairwise approach and Listwise
approach[1][2].

Pointwise approach, Pairwise ap-
proach and Listwise approach take care
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of relationship between item and its im-
portance degree, item and item, and
item and instance respectively. In
this paper, we call the term “instance”
as event that triggers a ranking mat-
ter that is goal to arrange items in-
volved in this matter. e.g., in doc-
ument retrieval, query can be an in-
stance and documents listed in the
query can be items. According to the
recent research[3], Listwise approach is
regarded as the most competitive ap-
proach because of instance-item struc-
ture. However, there are several short-
comings in Listwise approach.

1. Linear ranking function cannot de-
scribe a complex ranking problem
in most of real ranking solutions.

2. Although previous work on List-
wise approach with linear rank-
ing function has noticed top-k
problem[4] , it is still difficult to
find a prefect linear ranking func-
tion to describe top-k items ex-
actly in total ordering problem
(total ordering problem is that
every item in an instance has a
unique relevance degree represent-
ing the importance degree in the
instance). The limitation in lin-
ear ranking function cannot be re-
solved even in top-1 issue (in most
of practical ranking problems).
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In this paper, to resolve these listed
problems in Listwise approach, we
first suggest that perfect ranking func-
tion actually exist in practical rank-
ing problem. Then, we provide "fea-
ture rank" that is an assumption(each
single feature can depict whole rank-
ing problem in certain degree). Ac-
cording to the assumption, we propose
a dividing method to partition practi-
cal ranking problem into several sub-
problems based on each single feature.
Then we conduct two algorithms: Fea-
tureRank and Balanced FeatureRank
(BL-FeatureRank).  Though experi-
ments, we demonstrate the prominent
improvement in these new algorithms.

2. Background

2.1. Permutation

In this paper, permutation denoted to
m is the map from items to its rank-
ing position. 7(7) represents the rank
given to the element valued i. Rank-
ing result(vector form) is a permuta-
tion through mapping.

2.2. Performance measure

Most of previous works on learning
to rank take nDCG and MAP as
major performance measures. Some
algorithms are devised to directly
maximize values in performance mea-
sures or their modified forms, such as
SvVM™aP [5] LambdaRank [6], SHF-
DCG, REG-SHF-DCG [7], PermuRank
[8] and NDCG__Boost [9]. However, it
is hardly to employ nDCG and MAP to
total ordering problem. Another per-
formance measure kendall-T posted by
Kendall[10] is suitable for this issue,
which takes care of the relative rank-
ing position of each item. In this pa-
per, we revise kendall-T little so that
the modified kendall-T focuses on the

similarity between ranking result and
ground truth.

3. Methods

3.1. General framework

First we provide a general description
on learning to rank. Let X be the input
space, in which each element denotes
an instance. Let Y the output space, in
which each element denotes a relevance
degree corresponding to an instance.

Take document retrieval as an exam-
ple, x; € X represents one retrieval in-
stance and represents the j-th feature
vector in this instance. yj, which is the
ground truth of the corresponding re-
trieval instance ¢, represents a list of
relevance degree and 7 (y;) € 7 (Y)
is the permutation of the list. Thus,
the training set can be denotes to S =
(i, m(yi) )y

Then, we define E (f (x;),7 (yi)) €
[-1,1] as performance measure func-
tion, which assesses the similarity de-
gree between the result from ranking
function and permutation of ground
truth. In order to evaluate the sound-
ness of the proposed ranking, we choose
kendall-T and revise it little for our al-
gorithm.

E(f(xi),m(yy) = 2T(f (%),

m(yi) — 1,
where
T (r,0) = %ZI{[M_M
k<l
[ox — 1] > 0}

I(-) is the indicator function, z is the
normalization factor and ¢ and j repre-
sent the index of permutation.

3.2. KNN for feature ranking

We suggest features can be regarded as
direct influential factors to items’ im-
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portance degree. First we conduct two
assumptions.

o Assumption 1: every single fea-
ture can reflect the whole rank-ing
problem in certain degree when us-
ing clustering method.

o Assumption 2: practical ranking
function can be divided as the form
of polynomial series,

f(Xl, . 7X1\/I) — 71'()\1f1 (Xl) (1)
FXafo+ -+ A fur (xm)) -

In equation (1), M is the quantity of
features. x; represents specific item’s
feature. f(-) and f;(-) represent prac-
tical ranking function and its divided
part based on features respectively.

Based on these two assumptions,
the ranking problem is transferred
from approximating practical rank-
ing f to discovering feature ranking
fi-  For certain specific feature xj,
we choose an instance, get all items
listed in the instance and arrange
these items by relevance degree in de-
scending order. Then, feature vector
can be selected and defined as fv =
({(valy,vals, - -+ ,valy)) , where N is
quantity of items. We divide the fea-
ture vector fv into K intervals with
equal length. C; , where the index [
is numbered in sequence, is the mean
of elements in each interval. We name
the step “Feature Dividing”. In prac-
tical ranking system, Feature Dividing
needs to be operated to every instance
with the same steps. Finally, Cy is set
to be the global interval center, which
is the mean of each interval center.

o Theorem 1: the smaller index the
interval has indicates the greater
relevance degree.
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{elmy|elmy; € Interval;,
i=1,--- |[Interval|}
{elmy|elmy; € Intervaly,
j=1,---,|Intervaly|}
l<k

= elmy; > elmy;, (2)

where elm; the set of wvalues in
interval;, val;; is the value which
belongs to i-th.

Then, we devise a mechanism for cal-
culating the inner order in each inter-
val.

o Assumption 3: inner order in each
interval depends on the relation-
ship between two adjacent inter-
vals.

g (valy;, valyj) > 0 = valy; > valy;,

where

g(valli,vallj) =
(valy; — valy;) (Cr — Ci41)
A< K
(valli — vallj) (Cl—l - Cl)
A=K

Though theorem 1 and assumption
3, KNN can be applied to feature rank-
ing.

3.3. Combination with boosting
idea

Following the general framework and
previous work, we revise general boost-
ing method and employ it for comput-
ing distribution A.

We define exponential loss function
as the form

Ly, f(x) =
N
Zexp(—E(f (xi), 7 (yi))),



The 2010 International Conference on E-Business Intelligence

where performance measure function
E(-) ranges from -1 to +1.

Based on assumption 2, practical
ranking f is substituted by feature
ranking, and the loss function is equiv-
alent to

L(y,f(X))ZZeXp<—E

(Z e fr (%i), ™ (Yz)>> .
k=1

Then, we propose a boosting pro-
cess for calculating distribution A =

(A, A2,y A ), where
X 1
2w (L+ By, (xi))
A ==In= ) ,
,_leznf (1= Ey, (x:))
w"' = exp(—Ep,_, (x;)) where
hm-1(x;) = P e fe(xi) and

Ey, (x;) is the convenient abbreviation
of B(fm (%), m(yi))-

3.4. Balance control

Based on the fact that performance
measure can describe the effectiveness
of ranking result directly, we intro-
duce it to monitor added feature rank-
ing and control the boosting pro-cess.
First, we revise feature ranking

fm (i) = BEhpy (%) 1 (%)
+ Ey, (%) fm (xi)
Meanwhile, we take performance
comparison between h,,_1(x;) and

fm(x;) into consideration. Then fea-
ture ranking is revised to

S (%) = BEn, _, (%) hm—1 (%)
+ (1=0) By, (%) fm (%),

where = FEy, (xi)/(Ey, (xi) +

BEh,, ., (xi)).

At last, we choose the highest value
in performance measure among f,,, f7,
and f/! as the optimal feature ranking
fm-

The major difference between Fea-
tureRank and BL-FeatureRank is that
BL-FeatureRank adopts the modified
feature ranking.

3.5. Algorithms

We propose FeatureRank and BL-
FeatureRank as Table 1 and Table 2.

Table 1: FeatureRank algorithm
Input: S = {x;, 7(y:)}~¥,, and
parameters E, K and M.
Initialize w(X) =1
Form=1,2,--- .M
Generate feature ranking fo,
according to the m-th feature
Computing A\,
End for
Output ranking model: F(X) =

(0 Amfm(X))

Table 2: BL-FeatureRank algorithm
Input: S = {x;,7(y:)}¥,, and
parameters E, K and M.
Initialize wo(X) =1
Fort=1,2,---,T
Form=1,2,--- M
Generate feature ranking fin,
according to the m-th feature
Computing A,
End for
Output ranking model: F(X) =

a3 t=1"30 | A fem (X))

4. Experiment

We conduct experiments on the data
set MQ2008-list in LETOR 4. The row
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representing document in MQ2008-list
is a 46-dimension feature[11], belongs
to specific query and is described by a
unique relevance degree.

4.1. Case study: feature ranking
discovery

We conduct an experiment to verify as-
sumption 1 and assumption 3. First,
we define:

1. normal center. The center of se-
lected global interval is same as
the operation in section 3.1.
Then, we continue to divide each
selected interval into three parts
and set center for each part:

2. prior center. Prior center gathers
one third of elements in an inter-
val and these selected elements are
prior than others. The center is
the mean of these elements;

3. middle center. Differ with prior
center, the collected elements are
located in the middle of the inter-
val;

4. Posterior center. The collected el-
ements are placed in the rear of
the interval.

We randomly choose three features:
19-th feature, 21-th feature and 5-th
feature for observation and show them
on Figure 1 where the horizontal axis
represents interval number and vertical
axis is interval center value.

We find that,

1. The variation tendency implies
single feature can reflect whole
ranking problem when using clus-
tering method;

2. All types of global interval center
has similar variation tendency;

3. Values of posterior center, middle
center and prior center have a de-
scending order when variation ten-
dency in normal center is towards
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Fig. 2: Performance curve when
K = 8,16, 32 in FeatureRank and BL-
FeatureRank

up; If the variation tendency in
normal center reverse, so do the
order.

According to the three facts, we ver-
ify the effectiveness of assumption 1
and assumption 3.

4.2. Robustness of FeatureRank
and BL-FeatureRank

We conduct two experiment discuss the
robustness of FeatureRank and BL-
FeatureRank.

In first experiment, we choose K =
8, K =16, K = 32 and show the result
in Figure 2 where horizontal axis rep-
resents iteration number m in boost-
ing process and vertical axis is mod-
ified kendall-T that is range from —1
to 1. For the convenience of compari-
son, we set T = 1 in BL-FeatureRank.
The higher value shows in vertical axis,
the more accuracy reflects in ranking
results.

In another experiment, we compare
the effectiveness of balance control in
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Fig. 3: Robustness comparison
between  FeatureRank and BL-
FeatureRank

BL-FeatureRank. Figure 3 shows the
experimental results where horizontal
axis represents iteration number ¢ x m,
vertical axis is the modified kendall-
7 and dash lines separate the zone by
T. We can observe that performance
curves in both two algorithms have no
great change by the variation of param-
eter K, although they appear the pos-
itive correlation to parameter K and
BL-FeatureRank is more stable in per-
formance curve than FeatureRank.

4.3. Comparison

We compare the performance on
kendall-T  distance  among  Fea-
tureRank, BL-FeatureRank  and

ListMLE[12]. ListMLE is one of the
current state-of-the-art with linear
ranking function in listwise approach.
We revise it in order that it can
calculate total ordering problem. To
convenience, all distances have already
been normalized to

1

kendall — 7 : T (w,0) = |S|*1 —
ies

ZI{[Wi,k — 7)o — o] <0}

k<l

Table 3 shows the comparison on data
set MQ2008-list. The smaller value de-
notes less dissimilarity between ground
truths and predicted ranking results.
We can observe that FeatureRank
and BL-FeatureRank have more ac-
curate ranking results than ListMLE,
which can prove FeatureRank, BL-
FeatureRank notably improve current
linear listwise method. Then, balance
control is further improved by Fea-
tureRank and the improvement shows
on the comparison among FeatureRank
K =8, BL-FeatureRank T'=1, K = 8
and BL-FeatureRank T = 3, K = 8.

5. Conclusion
In this paper, we first introduce flaws
in current learning to rank approaches.

Based on previous work, we proposed
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Table 3: Performance on test data MQlist-2008

. FeatureRank BL-FeatureRank
ListMLE K=8 K=16 K=32 T=1, K=8 T=3, K=8
kendall-T 0.3013 0.2027 0.1926 0.1917 0.2085 0.1981

new methods FeatureRank and BL-
FeatureRank to deal with these exist-
ing problems. We provided the de-
tailed information about FeatureRank
and BL-FeatureRank, did experiments
on feature ranking discovery, robust-
ness test and performance analysis.
We prove assumptions by experiments,
find the effectiveness of balance control
and the advantages of FeatureRank
and BL-FeatureRank.
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