Application of Logical Analysis of Data to the TREC6 Routing Task

Endre Boros

RUTCOR, Rutgers Universit y boros@rutcor.rutgers.edu

PaulB. Kantor

Jung J. Lee S

Kwong Bor Ng

DiZhao

Alexandr ia Project Lab, SCILS, Rutgers University

{ kantor, jungjlee, kbng, dizhao}@scils.rutgers.edu

1. The L ogical Analysis Appr oac h in the Official Runs

Our approach to TREC6 has explored the possibilit yofbuilding co mplex Boolean expressio ns which represent the classificatoryinfor mat ion present in the training data. The posit ive

( i.e. judged relevant), and negat ive ( i.e. judged not relevant) documents are studied separately, using Church’s measure of^non- Po issonicit y~ (Church & Gale, 1995) to ident ify promising ter ms for classificat ion.

In the official runs, statist ics are produced using the MG ( Witten, Moffat, Bell, 1994)) search engine, and the terms are in fact stems, rather than complete terms. The top 25 terms selected fro mthe posit ive and negative examples are merged, to forma list with no more than 50 terms. The MG retrievalsystemis used ( massively) to transfor mever yjudged document into a

Boolean vector with one component for each dist inct classification ter m. The RUTCOR LAD program( Boros, Hammer, Ibaraki, Kogan, Mayoraz, & Muchnik, 1996) is used (twice for each topic), with several modifications, to search exhaust ively for Boolean pr ime implicants which character ize the posit ive and the negat ive examples. Due to computer speed limit ations, we have limited the search in our officialsubmissio ns to terms oforder three ( i.e terms such as ABC’, where

C’ denotes the absence oftermC). Each pattern which matches so me positive (respectively, negat ive) examples is given a weight determined by the number ofexamples that it matches.

2 Detailed Pr ocedures of the Official Runs

2.1 Training

For each topic, we used MG to index all the judged relevant documents to build a index structure, and to compute the termfrequencies and document frequencies ofall word-stems. We

S Permanent address: Department of Statistics, Soong Sil University, Seoul, Korea.

selected 25 word-stems according to the Church criter ion (Church & Gale, 1995) on distribut ions oftermfrequencies and document frequencies. We did the same for the judged non-relevant documents. For topics with more than 50 Mbytes ofjudged non relevant documents we rando mly selected 50% ofthe judged documents for MG to index. (Topics: 77, 78, 82, 94, 95, 100, 108, 118,

119, 123, 125, 126, 128, 142, 161, 173, 187, 194, 228, 240, 282 ). This yields 25 word-stems fro m relevant documents and 25 word-stems fro m non relevant documents. Each stemwas submitted as a Boolean quer y, using MG . This produced a list ofdocuments in which the termappeared. These lists are next combined to forma single file in which each relevant document is represented bya single row of0s and 1s, where 1 signifies that the stem labe ling the corresponding co lumn appears at least once in the document. This is the for mofcase representation accepted by LAD . We do the same for the non-relevant documents, producing a second arrayofcases.

For each topic, we concatenate the files for the relevant and no-relevant training examples, the degree is set to k , and LAD finds all Boolean mo nomials with k literals, matching so me relevant document vectorsand no non-relevant document vectors. These are the posit ive patterns ofthe topic. Negative patterns are defined correspondingly to match non-relevant documents. Thus LAD provides the foundat ion for Boolean classificat ion rules.

The process takes time exponentialin k. We were limited to k = 3 byt ime constraints. For topic 44, we could not find any posit ive patterns. We used the patterns file to assign a weight for each pattern, equalto the number oftraining documents that fit the pattern. Notethat due to limitations ofperson-power and time, our training phase did not contain any evaluat ion and tuning ofthe numerous parameters in both attribute selectio n and LAD pattern-finding. More details about implementation and algor ithms are in section 4.

2.2 Testing

We used MG to index the test collect ion ofrouting documents. We used a stepwise fusio n process to produce, fromthe Boolean patterns, ranked lists. The posit ive patterns were used to produce a reduced set (except for topic 44). The reduced set is the unio n ofalldocuments retrieved byanyo fthe patterns. We used two methods to fuse the documents into one single ranked list. The fir st method is a ^quorum~ method. Documents are ranked in decreasing order ofthe number of patterns which retrieved them. The second is weighted fusio n. Each pattern has a weight equalto the number oftraining documents that it covers. The score assigned to a document is the sumof the weights ofallthe patterns which cover it. Both quorumand weighted scores were also computed for each document, using the set ofnegative patterns.

Our submissio n was the top 1000 documents ofthe positive rank list. We planned to eliminate or re-order those documents retrieved by posit ive quer ies according to the ranked list produced bynegat ive pattern queries unt ilthe posit ive document ranked list had only1000 documents, i.e., we would eliminate fro mthe positive document list the documents that are also in the negat ive document list and eliminate those with the highest rank ofthe negative document list fir st, and so on until the positive document list contains only 1000 document. We found that using this method to eliminate documents could easily eliminate much more than desired number of documents. That is, at certain ranks in the negative list, we would acquir e a batch of"knockouts" which brought the remaining list below 1000.

3 Results of the Official Runs

The results are not dist inguished. Using the exact averaged precisio ns our results are occasionallyworse than the "worst". We therefore concentrateon the precisio n at 100 documents.

The weighted method performs better than the quorummethod in 11 cases, and worse in 8. They are tied in 28. More importantly, the Quorummethod produced the worst recorded result in 30 cases, and the weighted method did so in 29 cases. It is clear that the combinat ion ofdecisio ns that we have made does not solve the routing problem. We suspect that severalfactors combine to produce this discouraging result.

4. The LAD Appr oac h in the Non-Official Runs

After we submitted our officialruns, we continued our exper iments . We have implemented a method based on the Logical Analysis o fData, as it is descr ibed in Boros, Hammer, Ibaraki,

Kogan, Mayoraz, & Muchnik, 1996 ( see for further details, Boros, Hammer, Ibaraki& Kogan,

1997, Boros, Ibaraki& Makino, 1997, and, Boros, Ibaraki& Makino, 1998), with several modifications.

In these exper iments, the algor ithmwe implemented consists of4 phases. The first phase is a more or less standard indexing ofthe documents. We have used the SMART system( versio n

11.0, implemented on Sun Ultra-1, Solar is 2.5.1), and as a result we have obtained an indexed representation ofthe documents. Let us denote documents by d , and terms by t , and let us denote by f( t,d) the number ofoccurrences o fterm t in document d . The length ofa document d is l(d) =

t f( t,d)

and the relat ive frequency o fa term t in a document d is

f( t,d)

r( t,d) =

l(d)

We have indexed, for all47 TREC-6 topics , most ofthe training documents. We exclude

IRList digests, Usenet news groups documents, and VirtualWorld documents. These three

collect ions contain relatively few relevant documents and theyare not included in the T ipster

document CD collect ion.

The second phase is a project ion, in which we map the high dimensio nalfrequency vector

representation into a low dimensionalbinar yrepresentation, essentially fo llowing the ideas

descr ibed in ( Boros, Hammer, Ibaraki& Kogan, 1997), with some ver yimportant modificat ions.

For a term t and a real number z , let us introduce a proposit ional statement ofthe for m X(d)= ^ter m

t occurs with relat ive frequency higher than z in document d ~. Such a statement assumes a logical value (true or false, i.e. 1 or 0) for ever ydocument. Bychoosing such pairs ( t i ,z i ) appropriately, and

denoting the corresponding proposit ional var iables by X i for i = 1,...,k , we can map ever y

document d into a binar yvector X d = (X 1 (d), ..., X k (d)) . Ideally, one would like to select pairs ( t i ,z i )

such that they^represent well~ the particular topic, and one would think, those stating the particular

topic are the best to choose. Inour algorithmwe instead use an automat ic lear ning method for

select ing such pairs, and we did not use the topic descriptions . For each potential pair ( t ,z) we

computed two parameters:

R( t,z) = | { d RelevantTraining(Topic) : r( t,d) > z + GAP } |

and

I( t,z) = | { d NonrelevantTraining(Topic) : r( t,d) < z ˘ GAP } |

where GAP is a preselected small posit ive constant. Finallywe set S( t,z) = R( t,z)*I( t,z) , i.e. S( t,z)

counts the pairs of( relevant,non-relevant) documents in the training set ofthe considered topic,

which are ^proper ly~ dist inguished bythe logicalstatement corresponding to the pair ( t,z) with a

separation GAP .

In the second phase ofthe algor ithm, we select the smallest set I , indexing pair s ( t i ,z i ) , for

which the separat ion value S( t i ,z i ) is high and such that for ever ypair consist ing ofa relevant

document d and a non-relevant document d’ in the training set the condit ion

( r( t i ,d) > z i + GAP) AND ( r( t i ,d’) < z i - GAP)

is sat isfied byat least M different indices i ( i I ) , where M is an input parameter. Typically M =

10, or so. Inother words, we would like to have a binar y encoding ofthe documents, which is as

short as possible, and such that the vectors X d and X d ’ are verydifferent, whenever the relevance

states ofthe documents d and d ’ are different. Since this optimizat ion problemis difficult to solve,

we implemented an efficient (polyno mial t ime) approximation to solve it. Inour exper iments we

used GAP = 0, M = 10, and to decrease the chances of over fitt ing, we have used onlya rando mly

selected subset (50-80%) ofthe training documents. The values we obtained for k varied between

30 and 150 for the different topics. Let us add that for most topics just byreading the terms t i , i =

1 ,...,k, one could get a ver ygood idea ofwhat the topic was about!

In the third phase, we were looking for simple logicalrules, in terms ofthe binar yvar iables

X i , i = 1 ,...,k , characterizing relevance (or non-relevance) well. For instance, ifter m t 1 is ^Japan~

and term t 2 is ^dump~, then X 1 AND X 2 is the simple statement of^the relat ive frequencyo f Japan

is more than z 1 AND the relative frequencyo f dump is more than z 2 ~ and the truth ofthis for a

document d may be a good indicator that d is about ^dumping by Japanese co mpanies~. More

precisely, let us call an elementar yconjunct ion P = X i1 AND X i2 AND ... (in which so me var iables

may appear with a negation) a pattern, if P(d) = 0 for allnon-relevant documents d

Nonrelevant(Topic) in the training set, and P(d) = 1 for some relevant documents. We saythat

^the pattern P is triggered~ for document d if P(d) = 1. Inother words, a pattern is a statement

which confir ms the relevance ofso me documents, while not raising anyfalse alar ms on the non-

relevant documents. Let us denote by C(P) , called the coverage of P , the number ofrelevant

documents in the training set for which P = 1. Obviously, the higher C(P) the more we can trust P

(that is, the greater its recall) , and the more we find its existence surpr ising!

In this phase ofour method, we fir st generate a pattern P for ever yrelevant document d

such that P(d) = 1, and the coverage C(P) is as high as possible. Since this is again a ver yhard

optimizat ion problem, we emplo ya fast (polyno mialt ime) approximat ion algor ithm. Let us callthe

patterns obtained in this stage posit ive patterns. (Ofcourse, we filter out patterns dominated by

others. A pattern is ^do minated~ ifit contains a subpattern which is as effect ive as it is.) We then

interchange the role ofrelevant and non-relevant documents, and generate a ^negat ive~ pattern for

ever y non-relevant document, analogously, i.e., N is a negat ive pattern if N(d) = 1only for (some)

non-relevant documents; and P is a positive pattern if P(d) = 1 onlyfor (some) relevant documents.

Finally, we select a smallest subset ofthese posit ive and negat ive patterns such that for

ever y document d in the training set at least N ofthese selected patterns are triggered. (These

triggered patterns will be onlyposit ive patterns if d is relevant, and must allbe negat ive patterns if

d is non-relevant.) In our exper iments we choose N = 5.

In the last phase we co mpute a score for ever ydocument in the test set bysetting

S(d) = P positive

P(d) - N negative

N(d).

Intuit ively, ifthe training set represent the given topic well, this score must be positive for relevant

documents, and negative for non-relevant document s.

In our exper iments the average precisio n over all47 topics was about 28%, which is about

the same as the median ofall other methods at the TREC-6 meet ing. Out ofthe 47 topics our

average precisio n was better than the median 27 times, and was below the median 20 times.

Average over 47 topics

0

10

20

30

40

50

60

70

80

90

100

10 20 30 40 50 60 70 80 90 100

Recall (%)

Precision (%)

5. Discussio n

This effort represents a first step towards automating the routing process in a waywhich

reflects the naturalhuman preference for (and documented effect iveness of) Boolean for mulat ions

as a basis for ad hoc retrieval. T here are manyways in which the present fir st attempt can be

expanded, including the search for effect ive syno nyms appear ing in the Boolean implicants , and

more subtle methods for combining the patterns found. As an example, since all the judged

documents in the TREC setting have been retrieved byother systems in pr ior years, one might have

an ^I nclusio n rule~ built on allo fthe judged documents (contrasted to a randomselect ion of

unjudged documents), followed byan ^E xclusio n step~ based on patterns which resolve the judged

relevant fro mthe judged non-relevant. Conceptually, this approach is based onthe beliefthat

Boolean combinat ions o f^ter ms~ which are in turn surrogates for ^concepts~ are a powerful

representation oftexts when the goalis to estimate relevance.

While it is customar y to treat the routing task as der iving most ofits infor mat ion fromthe

judged documents, we intend to examine this assumpt io n, in our setting, bylooking next at the

terms ofthe topic, to see whether there are anypotentialusefulter ms that were not discovered by

our process. Ifthere seemto be any such terms we willtest what happens when theyare added to

the set ofbasic var iables. Since many TREC systems are vector based, we conjecture that this

effect is most likelyto occur ifa Topic specified that the document is to be ^not about such and

such~.

Manycho ices were made in the press oftime, and wit hout anysystemat ic evaluation o fthe

alternat ives. It is our present beliefthat the fo llowing factors mayexplain the improvement

between our officia lruns and the subsequent experiments reported here.

1. Or iginally the stems for ming the basis for binar izatio n ofthe data were chosen on a

distr ibut ionalcr iter ion. Now theyare chosen onthe basis ofpower in separat ing the

posit ive and negat ive instances in the training set.

2. Our choice ofdegree 3 was due to resource limitat ions. The current method finds so me

patterns ofver yhigh degree.

3. Our training set consists of documents which were retrieved in pr ior years, by systems

which behave in roughlysimilar fashio ns. Thus our training procedure maynot be the most

logical one. An alternat ive is a two-step procedure: (1) find patterns which dist inguish

retrieved documents fromalldocuments; (2) find patterns which dist inguish the non-

relevant retrieved documents fro mthe relevant ones. This alternat ive procedure corresponds

more fait hfully to the wayin which the patterns were used in our official submissio n, and it

seemreasonable that training towards this purpose willproduce better results.

Formally, the LAD method, as opposed to vector classifiers, or even quadratic classifier s,

supports retrievalo fsubstant iallydist inct clusters ofrelevant documents, in the under lying vector

space with word stems for axes. This is, in pr inciple, attractive, as it explo its a special feature of nor mal human searching. However, the present results show that the methods for finding the

clusters our patterns must be made substant iallymore powerfulto be compet it ive with todays state-

of-the-art vector based retrievalsystems.

Acknowledgements : This work has benefited enormouslyfromconversations with Peter L.

Hammer, Alex Kogan, Slava Brover, and Ken Church.

References

Boros , E, Hammer, P. L., Ibaraki, T., Kogan , A., Mayoraz , E. and Muchnik , I. (1996). An

I mplementation ofLogicalAnalysis ofData. Rutcor Research Report 22-96 RUTCOR,

Rutgers Universit y.

Boros, E, Hammer, P.L., Ibaraki, T., & Kogan, A. (1997) .Logical analysis o fnumer ical data.

Mathemat icalProgramming, 79 , 163-190.

Boros, E., T. Ibaraki, T, & Makino, K .(1998) Error-free and best-fit extensio ns o fpartiallydefined

Boolean funct ions. Infor mation and Co mputation, 140 (2), 254-283.

Boros , E., Ibaraki, T., & Makino, K. (1997). Monotone extensions ofBoolean data sets, in:

Algor ithmic Learning Theory-- ALT ’97 (M. Liand A. Maruoka, eds.) . Lecture Notes in

Art ificial Intelligence 1316, Springer , pp.161-175.

Church, K. F. & Gale, W. A. (1995). Inverse Document Frequency(IDF): A measure ofdeviat ion

fro mPoisson. Proceedings ofthe Third Workshop on VeryLarge Corpora .

Witten, I. H, Moffat A, BellTC. (1994). Managing Gigabytes . New York: van Nostrand Reinho ld.