T. Kamishima and S. Akaho, "Learning from Order Examples", Proceedings of The IEEE International Conference on Data Mining, pp.645-648 (2002)

Learning from Order Examples

Toshihiro Kamishima and Shotaro Akaho
National Institute of Advanced Industrial Science and Technology (AIST)
Tsukuba Central 2, Umezono 1-1-1, Tsukuba, Ibaraki, JAPAN
mail@kamishima.net (http://www.kamishima.net/) & s.akaho@aist.go.jp

Abstract presented in Section 4, and the experimental results in Sec-
tions 5 and 6. Section 7 summarizes our conclusions.
We advocate a new learning task that deals with orders

of items, and we call this tHesarning from Order Examples 2 Related Works
(LOE) task. The aim of the task is to acquire the rule that
is used for estimating the proper order of a given unordered
item set. The rule is acquired from training examples that
are ordered item sets. We present several solution method
for this task, and evaluate the performance and the charac-
teristics of these methods based on the experimental result
of tests using both artificial data and realistic data.

Our LOE task is relevant to the work of Cohen et al. [1].
The inputs of their task are item pairs with the precedence
?nformation; that is information about which of the items
should precede the other. From this set of pairs, their origi-
hal algorithm derived a preference functiBREF (1%, IY)
measuring the confidence that iteffi precedes iten1?.
They then attempted to find the order that maximizes the
following function:

1 Introduction
Zz,y:1x>1y PREF(IL7Iy)7 (1)
_ In this paper, we advocate a new Iearnm_g task that dealswhere]“’>ly denotes thaf® precedes’?. The most ba-
with orders of items, and we call this thearning from Or- - . . .

. . sic difference between their study and ours is that inputs are
der ExamplegLOE) task. The aim of the LOE task isto . . ith dence information. whereas inputs of
acquire the rule that is used for estimating the proper or- ltem pairs with prece : o b
der of a given item set. The rule is acquired from training LOE tasks are sets of ordered items, Add|t|-on-a||y, their goal
examples that are or de.re d item sets. was to optam orders that preserved the pairwise pr.eceden_ce

An example of performing the LOE task would con- information as closely as possible, whereas ours is to esti-

. . . . ._mate totally well sorted orders. These two orders are closely
sist of completing a questionnaire survey on preference in

: related, but are clearly distinguishable from one another, as
foods. The surveyor presents several kinds of foods to each y g

" Indicated by an experiment described in Section 5. Further,
respondent and requests that he/she sort the foods accordm@ohen et al. considered errors in tARREF function. not
to his/her preferences. By applying the LOE learning algo- errors in final orders. We, on the other hand epri’citIy ex-
rithm, for example, the surveyor will be able to de.termme amined the errors in final orders. Recently, Kazawa et al.
the most preferred food, or to detect the degree oflnﬂuence[z] dealt with the similar problem to ours, but adopted an-
of attributes on respondent’s preferences. For such a SUrsiher measures for errors in orders '
vey, itis typical to adapt the Semantic Differential method. Several other previous studies have dealt with orders.
In this method, the respondent’s preferences are measureﬂ/l

by a scale, the extremes of which are symbolized by antony- annila and Meek [4], for example, tried to establish the
y o y y Y structure expressed by partial orders among a given set of
mous adjectives. For examples:

like] 54 32 1 [dislike]. ordered sequential data. Sai et al. [6] investigated associa-

Use of such a scale assumes that all the respondents share gﬁn rules between order variables.
understanding of its range, divisions and extremes. Such an
unrealistic assumption can be avoided by introducing order3  Formalization of a LOE task
scales and LOE techniques.
We present related works in Section 2, and formalize the  This section formally states the task of learning from or-
LOE task in Section 3. Several LOE solution methods are der examples (LOE). This task is composed of two major
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stages: a learning stage and a sorting stage. In the learning.1 The LOE Methods Based on Classification

stage, the rule for sorting is acquired from a training exam-

Techniques

ple set. In the sorting stage, based on the acquired rule, the

true order of an unordered item set is estimated.

This method is similar to that of Cohen et al. The exam-

An item I* corresponds to an object, entity, or substance ples are decomposed into a set of item pairs, and the pref-
to be sorted. Items are individualized by the attribute value erence function is derived from these pairs. The unordered

vector, A(I*)=(a (I*),a?(I*),...,a#A(I%)) (#A is the

number of attributes). In this paper, we concentrate on the

items are sorted based on this function.
In the learning stage, from the item dgt} in the exam-

case in which all the attributes are categorical. The domainple ({1}, O*), all the item pairs(I*, IV), are extracted such

of the s-th attribute isvf, - - - s Vltgs- The universal item set,
{I} au, consists of all possible items. An item séf},, is
asubset of I'} 4;;. The number of items ifi/}; is denoted

thatI” preceded? in the orderO*. For example, from the
orderO* = I3=1'>~12, three item pairs(I3, I'),(I3, I?),
and (11, 1?), are extracted. Such pairs are extracted from
all #E X examples, and these are collected into theset

An order is a sequence of items that are sorted according Then the preference functioRREF (I*, IV), is derived
to some property, such as size, preference, or price. Therom the setP. This function, when given the attribute

order of the item sef/}; = {I*,IY,...,I*} is denoted by
O,=I*~1Y~---=1I%. To express the order of two items,
I17>1Y, we use the sentencé™ preceded?.” We assume

values ofA(I*) and A(1Y), outputs the confidence th&t
preceded? in the absolute order. To derive this preference
function, we adopt the technique of the naive Bayesian clas-

an unobserved order of the universal item set, and call thissifier [5], as follows:

the absolute orde@?,;.
The example is a 2-tuplg{/};,0;); an item set and

its true order. In a noiseless case, the true order is consis-

tent with the absolute order. In a realistic situation, how-

PREF(I”, IY) = Pr[I®=IY|A(I*), A(I")]
B Pr[ A% A(IY)| %)
Pr[A(7), A(IY) | I%-1v]|+Pr[A[7),AIY) | I9-17]’

ever, true orders may be affected by noises, e.g., swapping

of item positions or changes of attribute values. An example

set,FX, consists offt EX examples, as follows:

iote Tt there Bt bhig iRetiae iy i b 6 st bp-

pear in any examples.
The aim of the LOE task is to acquire the rule from the

Pr[A(I7), AIY)| 1Y) ~ H Pr(a’(l®)a
Note thatPr[I*>1Y] = Pr[IyH'g”] = 0.5 is assumed. As
the probabilityPr[a*I*),a%(I¥)|[*~1Y], we adopt the follow-
ing Bayesian estimator with Dirichlet prior in order that the

A I%-1Y).

above training example set. The acquired rule is then usedProbability keeps non-zero:

for estimating the true order of an unordered item set. We

denote an unordered item set by}, and its estimated
order byOU. Note that attribute value vectors of items in
the unordered set are known.

In order to directly evaluate the errors in orders, we
adopt theSpearman’s Rank Correlation Coefficiemt the
“p" [3]. The p is the correlation between ranks of items.
The rank, (O, ), is the cardinal number that indicates the
position of I” in the orderO. For example, for the order
O=I3~1'~1?, ther(0O, 3)=1 and ther(O, 2)=3. If no tie
in rank is allowed, the between two orders)! and 0%,
can be simply calculated as follows:

6% 3 jeeny (r(O', ) — (0%, 2))?
(F#I)? — #1 '

Thep becomed if two orders are coincident, andl if one
order is a reverse of the other order.

p=1-

4 Methods

“(I7),a%(1Y)) + 1/ (#a%)?
#P+1 ’

where #(a®(I1*),a*(IY)) is the number of all the pairs
(I#,I*) such that® (I*)=a®(I#) anda®(1¥)=a*(I"), and
# P is the number of pairs .

In the sorting stage, by usinBREF (1%, IV), the true
order of {I};; is estimated. We examined the SumClass
and ProductClass strategies, as follows.

SumClass (SC) The following greedy algorithm is de-
signed so as to maximize the Equation (1); that is, the target
function of Cohen et al.

1) 0 =, {1} .= {I}y,t:=0

2) Ij” = argmax; Dy rve{1} 0 apy PREF(I®, 1Y)

3) OUHD) .= OWe-* {1}t .= (1} — =

4)if {111 = ¢ then output O+ asOy
elset:=1t+ 1, goto step 2

#(a

Simply speaking, this algorithm chooses, one by one,
the most-preceding item. Note that this algorithm be-

We describe two classification-based and one regressioneomes equivalent to the greedy method of Cohen et al. if

based solution methods for the LOE task.
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ProductClass (PC) This strategy is the same as the Sum-

Class strategy, except for this criterion of optimality. As the Table 1. The means of ps

criterion, Cohen et al. adopted Equation (1), (i.e., the sum e ‘ (’)A‘Ig(; 5 267 5 22 02?52
of the PREF’s values), but they did not present any theo- PG 0.808 0.667 0.822 0'932
retical reason for adopting this sum. We therefore test the ‘ ’ : ‘

R | 0.802 0.617 0.837 0.950

product of thePREF values, because this value represents

the likelihood of precedence events under the independence
assumption. Though these events are not in fact indepen-
dent, we consider that on a theoretical basis, this criteriond(A([w)) such that the rank of* is i in the orderO.. By

has an advantage over that of Cohen et al.

using the followingX, the functionRANK(A(I®)) is de-

The algorithm is the same as the SumClass strategy, exfined asXTd(A(I*)):

cepting for step 2, which is as follows:

2) 1" := argmaxg [ [, e 1y 4oy PREF(I7, 1Y)

4.2 The LOE Methods Based on Regression Tech-
nigues

All the orders in the training example are integrated into

one total order. By using regression techniques, the evalua-

tion function used for estimating an item’s rank is derived.

Any unordered items are sorted according to the value of

this function. We use the abbreviation “R” for this method.
At the Learning stage, all items that appear in the train-

ing example set are collected into one item $&},-. Next,

the system finds the combined order for {Hé ¢ that is as

consistent with the orders in the training examples as possi-

ble. To derive this combined ord€p~, make the set of item
pairs P in the previous section, and calculate the following
preference function:

#(IT1V)+0.5
F#I51Y)+#(1417)+1

where#(I*, IY) is the number of the item pair§[*, 1Y),

in P. By using the strategy ProductClass and the above
function PREF’, the combined order is derived. Note that
the functionPREF’ is different from the previou®REF

with regard to the dependence on attribute values.

From the ordeiO., we then acquire the ranking func-
tion, RANK, that measures the tendency of precedence.
This function is derived by a linear regression technique in
which dummy variables are adopted, also known a3yipe
I quantification methodOne categorical attribute?(7), is
represented byta’—1 dummy variables. The first attribute
value,v{, is transformed into all the dummy variables, and
the other values;;, are transformed into dummy variables,
the (t—1)-th element of which id and the other elements
of which are0. For example, assume the attribut&(I)
can take3 values. The values] andvj are transformed
into the dummy variable®, 0) and(0, 1), respectively. All
the variables iMA(I) are transformed into dummy variables,
and these are concatenated into one vectof,()). For
each elementin {I}¢, thed(A(I)) is derived. These vec-
tors are combined into the matri whosei-th row is the

PREF'(I%1Y) = Pr[I*-1Y] =
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XT = (DTD)'DT(,...,#I:)T.
At a sorting stage, the true order of an unordered item set
is estimated by sorting the valuesRANK (d(A(]))).

5 Experiments on Artificial Data

We apply the three methods described in the previous
section to artificial data in order to analyze the characteris-
tics of these methods.

We prepared 9 types of universal item sets. The absolute
order for these item sets was decided based on the linear
weight function. For each type of universal item set, we
randomly generatetl0 different weights. Accordingly, 90
2-tuples of a universal item set and its absolute order were
generated. Furthermore, from each of these tuples, we gen-
erated 9 example setgt] (the numbers of items) was 3,

5, or 10, and the#E X (the numbers of examples) was 10,
30, or 50, respectively. In total, 810 example sets were gen-
erated. All the data sets were noiseless; that is, all the true
orders were consistent with the absolute order.

As the testing procedure, we adopted a leave-one-out
(LVO) test; that is, a# E X -fold cross-validation test. As
an error measure, we adopted fhbetween the estimated
order and the absolute order.

Table 1 shows the means of the. The column labeled
“ALL" shows the mean over all 810 example sets, and the
columns labeled 3, 5, and 10 show the means over the ex-
ample sets composed of the item sets whose sizes were 3, 5,
and 10, respectively. Overall, in accordance with increase
in the size of the item sets, the more proper orders are es-
timated. For thep between two random orders lengths of
which are#1, it is known that

PV (#I —2)/(1 - p?)

follows the Student-distribution with degree of freedom
#1—2. Based on this fact, we could check whether, on av-
erage, proper orders were estimated or not. All three meth-
ods can produce the proper orders wheh=10 at a signif-
icance level ofl%. In short, all three methods work well
when item sets are large.




The means by using the best combinations are as follows:
Table 2. The t-values between ps y g

ALL 3 5 10 SC PC R
SC—-PC | —0.1472 —0.2709 0.3806 —1.5912 0.451 0.454 0.455
SC—R 1.4430 44143 —-2.2272 —8.5784 .
PC—R 1.4626 T84  —92.3547 —8.5023 For the orders estimated by all of the three methods, we

observed a correlation between the estimated and the true
orders at a significance level of 10%, on average.

The t-values for the differences between the derived
We next applied paired-tests to determine the differ- by two different methods are as follows:
ences between methods,. Tdne_@ row of Table 2 s:hows the SC_PC  SC.R PC_R
t-values for thex method’sp minus thes method’sp. The 01807 03098 —0.1002
overline (underline) indicates that methad3) is superior ' ' ’
at the significance level af%. The columns are the same We found no statistically significant differences among the
those in Table 1. The SC and the PC methods were approxthree methods. An advantage of the R method was observed
imately equal in terms of accuracy. However, we consider in the results on artificial data when the size of item sets are
that the PC method is preferable because it has a theoretical0, but no such advantage was observed in this result. This
advantage. Although the R method is significantly inferior is because sufficient examples are available relative to the
when item sets are small, the R method surpasses the othegize of the universal item set, and any method can therefore
two methods as the sizes of the item sets grow. From an-successfully derive high-quality orders. This was confirmed
other experimental result not presented here due to lack ofby the fact that all three methods estimated similar orders.
space, it seems that this phenomenon is due to the degree of Finally, it should be noted that by observing the esti-
transitive consistency among the precedence events. mated orders and other related data, we can perform further

Additional experimental results demonstrated the perfor- analysis. For example, the survey answers revealed that the
mance of the SC and the PC methods. These methods adopnost preferred type of sushitsro (fatty tuna). Since the
a greedy search to find the order that maximizes the sum obetween the estimated order by the R method and my (the
the product of th&?REF values; thus, the optimal solution first author’s) preference order(ss42, it can be concluded
may not be acquired. The degree to which the performancethat | have a highly typical tendency in terms of preference
by this solution, compared with the optimal solution, is ex- of sushi type.
amined. By applying the pairgetest to the optimab minus
the greedy, we obtain &-value of—2.7915 for the SC and
—2.9306 for the PC. Surprisingly, this means that the solu-

tion by the optimal search is significantly worse than that e proposed a new learning task and presented its solu-
by the the greedy search. Namely, an effort to preserve th&jon methods. We intend to develop the LOE technique so
pairwise precedence information does not lead to an orderihat it can be used to estimate order while directly minimiz-
minimizing the rank correlation. This result enhances the jng the error.

distinction between our LOE task and that of Cohen et al.
as described in Section 2.

7 Conclusion
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