Using Bayesian Networks as Retrieval Engines

Maria Indrawan 1 * , Desra Ghazfan 2 , Bala Srinivasan 1

1 Department of Computer Technology, Monash University, Caulfield Ea st 3145, Au stralia

2 Department of Computer Science, Mona sh University, Clayton 3168, Au stralia

Abstract

In this paper we discuss Bayesian network implementation for retrieving documents in a text database. We participate in TREC-5 for ad-hoc task in category B. Several problems and possible solutions in implementing large scale text retrieval system using Bayesian network are discussed The main problems are the existence of loop and large number of parents per-node. The solutions suggested are that of intelligence node and virtual layer. Comparison with other Bayesian approach to text retrieval is also discussed. We shows that our approach gives more correct semantic tothe retrieval model.

1. Introduction

Uncertaintyis present in almost ever ytask that requires intelligent behaviour, such as planning, reasoning, problem solving, decision making and classification. Such uncertaintyalso exists in manyaspects of text retrieval system. Obviousl y, the employment of uncertaintymanagement techniques that appropriate to the specific needs of text retrieval systems hasalwa ys been the central issue in the field [Cohen87, Cooper71, Croft80a, Wilson73, and manymore]

Text retrieval isconcerned with the representation, storage, organisation and accessing information items, which typicallyinclude letters, all types of documents, newspaper, facsimile documents, electronic mails, articles, books, medical summaries, research articles, pictures, audiovisual, and so on. Generally, the syst ems maintain the description of information items rather than the information object themselves. These descriptions usuallyconsist of text describing various attributes of theinformation items[Salton83], and theyintended to give the system the abilityto compute the likelihood of the information descriptors in matching the user query.

The process of creating information descriptors does not supported byexact rules, consequently, the task to capturethe contents of documents byassigning representationsor descriptors can be ver ydifficult. It involves uncertainty. Similarly, formulating a queryfrom user´s internal information need involves uncertainty. One of the solutions to this uncertaintyproblem is byusing probabilitytheoryin estimating the likelihood of matching between the document descriptors and user’s formulated query. Among the probabilitymethods for handling uncertainty, Bayesian network is the most dominant method in the AI communityand isconsidered the most common representation scheme for probabilistic knowledge.

Ba yesian network approach isnot newto text retrieval field. Among other implementationsof

Ba yesian network text retrieval systems, the work of Croft[Croft80b], especiallythe ones that were carried out in collaboration with Turtle[Croft80b, Turtle90, and Turtle91] are themost representative.

Other works can be categorised either as refinements to Turtle and Croft´s work, as a logical extension from the field of hypertext or as having a bit of both [Lucarrel93]. Our method which will be explained in section 2 of the paper provides different implementation of Ba yesian network for text retrieval. Our implementation provides a correct semantic meaning for theinference process invol ved in text retrieval system. Section 3 provides detailscomparison between our methods and the existing model. The implementation of Ba yesian network for TREC experiments isdiscussed in section 4.

2. Bayesian Network forT ext Retrieval

The life-cycle of a text retrieval system begins with the development of document representations. In a Bayesian network- based text retrieval system, the process is characterised bythe construction of the document network. It represents a static knowledge about the document collection

* Correspondingauthor. E- mail:maria@broncho.ct.monash.edu.au and onlyneed to be created once. In real-world applications, thedocument network can be modified to characterise newstate of document collection asdocumentsare added or omitted from the collection.

Another network needs to be built but unlike the documents network, this network is dynamic because it represent user’sinformation need. Thisdynamic network is called thequerynetwork.

The document network consiststwo layers of nodes at theminimum. The first, top most layer makes up of a universe of keywords. In text retrieval system thislayer representsthe collection’s dictionarybecause it containsever y keyword known to thecollection. The next layer down comprises of concepts, events, or anysensible entities that can be generated bythe combination of anyarbitrary keywords. One of possible entities is a document. The associations between the entitydocumentsand the keywords are characterised bytheexisting of direct link from the keywords to the documents , thus it is easyto see that the keyword nodes cause the document nodes to exist. For example, in Figure 1 the keywords ^A~,~B~, and ^C~ make up document ^1~, while thecombination of ^A~, ^C~, and ^D~ forms document ^2~.

Q

1 2

A B

A B C D

Query Network

Document

Network

Figure 1. Example of Ba yesian network for text retrieval

The querynetwork explains user´s information need to the system. The queynetwork comprises a single rooted network that symbolised the user’s information need. This information need is explained further bya set of keywords which formsthe description of the query. This relationship is signified bythe existence of directed links emanating from the information need node to thedescription node. Figure 1 shows a user queryrepresented bythe node Q which can be described bythe keywords

A and B . The querynetwork isdynamic, and it is created whenever a user querythe collection. The querynetwork isdynamic because it isa temporal network. It onlyexists durig the quering of the document collection. Once theresult hasbeen obtained, the querycan be discarded or modified to represent another information need.

The matching process is performed bypropagating belief down from the evidence arrives at the systems that is of a querynode to the document nodes. Thefinal belief values at the document layers reveals the documents´ probabilityof relevance with respect to the querysubmitted. A sequence of ranked documents in decreasing order of relevance to the queryis then returned to the user as the possibl e answers to the user´s query.

3. Comparison with an Existing Implementation.

Contraryto our approach described in section 2, Croft and Turtle´shasdifferent basic causal topology and underlying assumptionsof a evidence. In their model, theyassumed that thedocuments triggered the existence of the keywords and the queries are constructed bythe keywords. Using this assumption, the values of P ( Rel evant| document i ,query j ) areobtained at thequerynode. Thecausal

Document

Query

Query

Document

Keyword Keyword

Figure 2.a. Figure 2.b

Figure 2. Causal topology contrast topology contrast can be viewed in Figure 2. Thenetwork on Figure 2.a is our implementation approach while Figure 2.b is Croft and Turtle´s implementation. In the following paragraph we will contrast the two approaches.

Ba yesian network can be described as a system containing two t ypes of entities: evidence or cause and hypothesisor effect , and their relationship can be summarised bythe following formula:

) (

) ( ) | (

) (

) , (

) | (

C P

E P E C P

C P

C E P

C E P = = (1)

In thegraph of Ba yesian network, the direction of an arc isplaced from the Cause (C) to the

Effect (E). In practice, the direction isplaced from the evidence, an event which we can gather either directlyor from theuse of other rules tothe desired conclusion. It isalso common practise to determine the directionalityof and arc according the which conditional independencies areeasiest to identifyor according to which conditional probabilities areeasiest to ascertain [Neap89]. The definition and determination of ^real~ causes in a text retrieval can lead to different model of Ba yesian network.

Applying P ( Relevant| document i ,query j ) to the Bayesian network implementation in Figure 2., we obtain relationship as depicted in Figure3.

Document

Query

Query

Document

Keyword Keyword

Relevance Relevance

Figure. 3.a Figure.3.b

Figure 3. Therelevance graph.

The relevance node represents an event wherebythe document isjudged relevant to a query. Thegraph on in Figure 3.a can be translated into:

P ( Relevant| document i ,query j )= P ( Relevant| document i ,keyword,query j )

= P( document i , keyword,query j )

And byonlyconditioning the probabilityvalues on theevidence set (query), theabove equation can be simplified further into:

P ( Relevant| document i ,query j )= P( document i ,|query j ) (2)

Using thesame procedure, the graph in Figure.3.b simplifies to:

P( Relevant| document i ,query j )= P( query j | document i ) (3)

The belief values forwarded to the relevance nodes are the resultsof belief propagation process triggered bythe arrival of the newevidence. The arrival of a newevidence for Figure.3.a (our approach) isindicated bythe introduction of a queryinto the system. Themodel depicted byfigure 3.b obtains the evidence byinstantiating one document in thecollection. In our approach, therelevant value to be measured isthe one that lying on the document nodes. Our belief in the documents would meet the queryis thehypotheses that we have to verify. Thus, the ranking of the documents is obtained at the document’snodes. It isworth noting that our method requires onlyone step to propagate the belief triggered bya newqueryto all documents.

The approach adapted in Figure.3.b measures therelevance on the querynode. The hypothesis to be verified lies on our belief in the querymeets a document’sexplanations. Thus, in thismodel, a set of relevant documents is obtained byranking the belief value on the querynode in decreasing order.

The fact that there is onlyone querynode to process and there are lots of documents to evaluate, the evaluation process is repeated manytimes for the whole process of inference of a query.

Applying the equation (1) to both of equation (2) and (3) reveals another intriguing findings:

) (

) ( ) | (

) | ( j query P

i document P i document j query P j query i document

P = (4)

) (

) ( ) | (,

) | ( i document P

j query P j query i document P i document j query

P = (5)

The denominatorsin equation (4) and (5) are the normalisation factor of the equation. In the process of answering an arbitraryquery, equation (4) uses the same normalisation factor on every document matching process for that query. Equation (5) on theother hand, gives different normalisation factor for each observed document in thesame query. Recall that in text retrieval system, the collection isfullyevaluated for each queryintroduced to the system. Hence, a common denominator ispreferable while processing a query. And since thereare more than on documents to evaluate, document belief value cannot be used asthe common denominator. Thequerybelief value is the onlycommon values shared bythe processes. Thisdemonstrates that an implementation exhibits the feature of equation (4) will give a correct result.

The effect of applying different denominator can be seen in thefollowing example: suppose there are three documents in the system: the book A, the thesis B and article C. The mapping of document contents on the keyword space and queryrelevance towards documentsare given in Figure

4. Aquick visual observation on the graph reveals these facts : Book A has around 50% of Q, thesisB has around 30% ad article C hasverylittleof Q. Note that queryQ hasaround 30% of A, around 70% of B and, most of C. Intuitivel y, we will choose A, followed by B and maybe C as the list of relevant documents in decreasing order of itsrelevance to the query. However, if we applied equation (5) yields the following order: C ,B and A.

A

C

Q B

K eywor d spa c e

F igur e 4. Que ry a nd doc ume nt ma pp ing in ke yword sp a ce

4. Experiment and Results

We spent most of our effort in thisyear TREC to ^scale up~ our system since it is the first year we have joined the conference. Oneautomatic run for Ad-Hoc task was submitted. We use

SMART 1 text retrieval System version 11.0 to index the documents .

4.1. Index creation.

The index files were created from Wall Street Journal text distribution from NIST via the following process. First, the text is preparsed from the SGML-format into internal representation of

1 The SMART.11.0 was made available from Cornell University.

SMART version.11.0. The following sections are indexed: DOCNO , HEADLINE, TEXT; all other sections were ignored. Standard SMART 11.0 stop words with 571 words was used toremove all the common words. Stemming was performed using modified Lovins algorithms. Finally, each term in the dictionaryis given a unique identification number. An inverted index file was created which contains keyword and it’s related documents. We give weight cosine normalised of tf*idf to thevector. Using the value of all the links in the inverted file, we built the document network for our Bayesian network text retrieval.

4.2. Query creation.

All querynetworks used in the run were formulated from topic descriptionsprovided by

NIST. Theywere given the same weighting schemeas in document indexing. Nomanual interference was involved during queryformulation. The queryis keyword based query, no phrases were used.

4.3. Retrieval engine.

Probabilistic inference in a belief network hasbeen known to be expensive[Cooper90]. In text retrieval wherebya large network is involved, calculating the inference can be ver ycostl y. Two main contributionsfor the complexityof inference in text retrieval arethe existence of indirect loop and large number of parents pernode.

Indirect loop causes the infinite calculation during inference (Figure2.a). There are some methods to handle indirect loop, namelyclustering and simulation [Pearl88]. We use Pearl’s[Pearl88] algorithm of belief propagation with the addition of intelligent nodes to handle the indirect loop problem.

We use an intelligent node to act as a filter of messages in the loop network. It filters any message passed bythechildren of a node so that themessage isblock to the parents when the values of the children’s messages are thesame with the original message from theparents. For example, at morning coffee break mycolleague tellsme that it isgoing to rain tomorrow . If I tell her at lunch that tomorrowit is going to rain , her belief about tomorrowit isgoing to rain should not increase because that information comes from me, a person who received that same information earlier from her. I only act as a mirror to her information. Consider a fullyconnected network in figure 5. The network in figure 5 isfullyconnected through the link Q-k 1 -d 1 -k 2 -Q . Let node Q representsa query, node k 1 ,k 2 ,k 3 represent the keywords and d 1 ,d 2 representsthe documents. Node k 1 and node k 2 are the intelligent nodes in the closed-link Q-k 1 -d 1 -k 2 -Q . If we instantiate node Q , node Q will pass the message to its children k 1 and k 2 . Themessage is represented bythe arrow

p Q . At k 1 and k 2 this newmessage is used to

change the belief of k 1 and k 2 and in turn node k 1 and k 2 pass themessage p k1 and p k2 to node d 1 . In node

d 1 , both p k1 and p k2 are used to update thebelief value of node d 1 . The newbelief value of d 1 will trigger

message to all d 1 parents , theyare node k 1 , k 2 and k 3 . Node k 1 and k 2 will not use the message l d1 to

Q

k 1 k 2

d 1 k 3

d 2 p Q l k1 p Q

l k2

l d1

p k1 p k2 l d1

p k2 p k 3

l d1 l k2

F i g u r e 5 . In d i re c t lo op w i t h in t e ll ig e n c e n o d e s .

updatetheir belief value because the belief in d 1 was changed dueto the message comes from them,

namely p k1 and p k2 . Onlynode k 3 will use the l d1 to update its belief value. Bystopping the flow

message back in k 1 and k 2 , we practicallybreak the loop in the network.

We have shown how we handle thefullyconnected network that we use to implement the

ba yesian netowrk for text retrieval using the intelligence nodes. However, we still have to overcome

another problem faced bythe implementation model, that isof large number of parents pernode. To

calculatethe probabilityof a given nodes x which has n number of parents, we need to have a matrix of

the sizeof 2 n . In text retrieval, one document mayhave more than 200 keywords , thus we mayneed to

provide 2 200 matrix. It isa verycostl ycalculation if not impossible to implement. To overcome this

problem, we introduce a virtual layer into our model. Theparentsof a particular node are distributed

into number of groups. Thegroups then link to a virtual node. The virtual nodes act asthe summarised

node for the corresponding cluster and links to the document nodes. Figure 3.a shows the network of a

node with 100 parents. It requires a matrix of the 2 100 . With virtual layer the size of the matrix is

reduced to

11 2 10 ´ as in Figure 3.b.

Introducing the virtual layer reduces the computation to a certain extent, however we find that

the document network isstill verylarge, and due to the limited resource that we have, we have to

implement further ^filtering~ to the document network. We assign ^false~ beliefs to all the keywords

not involved in the query, thus we expected that the level of recall will be reduced drastically. For

example, consider the network in figure5, node k 3 will be assigned to false or P(k 3 )=0 because the

query Q does not have direct link to node k 3 . If there are other documentsapart from d 1 contain

keyword k 3 , it will not get retrieved.

>= Median < Median

Number of relevant retrieved 24 18

Average precision 16 26

Table 1. Experiments result for ad-hoc task

Category-B using short topic.

The resultspublished TREC organiser confirmed our expectation about therecall and

precision level. Bytaking out all the keywords not involved in the querywe have omitted the

possibilit yof retrieving the documents that do not contain the keywords but mayshare thesame

concept with the query. This is not the ideal situation. In the preliminaryexperiments using smaller

collection such as ADI, MEDand CACM, we managed to include all the keywords and documentsin

the calculation process. Theresult hasbeen very promising[Ghazfan96]. Further optimisation of the

network structure need to be investigated to accommodate verylarge text collection as in TREC

collection.

P arents nodes P arents cluster 1

Virtual Layer

Child node

Child Node

P arents cluster 10

1 2 100 1 10 91 100

1 10

Figure 6.a. Original network Figure 6.b. Modified network

with virtual layer

5. Conclusion

In this paper we have presented retrieval model for text retrieval system based on Bayesian

network. Because of probabilistic nature of the inference process in text retrieval, Bayesian network is

suitable for thesystem. The TREC-5 experiments maynot showa ver ygood result. However, this

mainlyinfluenced byomitting the keywords in the collection to reduce the size of the network due to

our limitation. Preliminaryexperiments in traditional collection CACM, ADI and MED have shown

promising performance of the system. To implement a ba yesian network for a large text retrieval

system, optimisation of the network structure need to be considered.

References

[Buckley85] Buckley,C.,~Implementation of the SMART Information Retrieval System,~ Dept

of Computer Science, Cornell University, no TR-85-686, 1985

[Cohen87] Cohen, P.R and Kjeldsen, R., ^Information Retrieval byConstrained Spreading

Activation in Semantic Network,~ Information Processing Management , Vol. 23,

no. 2, 1987, pp. 225-268.

[Cooper71] Cooper, W.S., ^A definition Relevance for Information Retrieval,~ Information

Storage andRetrieval , Vol. 7, 1971, pp. 19-37.

[Cooper90] Cooper,G.F., "The Computational Complexityof Probabilistic Inference Using

Ba yesian Belief Net works", Artificial Intelligence , Vol. 42, 1990, pp. 393-405

[Croft89] Croft,W.B., and Turtle, H., ^A Retrieval Model Incorporating Hypertext Links,~

In Proceeding of the Hypertext´89 Proceedings , 1989, pp. 213-224

[Ghazfan96] Ghazfan,D., Indrawan,M.,Srinivasan B, " Towards Meaningful Bayesian Network

for Information Retrieval ", In Proceeding of IPMU, 1996, pp.841-846

[Lucarrel93] Lucarella, D. and Zanzi, A., ^Information Retrieval from Hypertext: An Approach

Using Plausible Inference,~ Information Processing and Management, vol.29,

no.3, 1993, pp. 229-312

[Neapolit89] Neapolitan, R.E., Probabilistic Reasoning in Expert Systems:Theory and

Algorithms , John Wiley& Sons, Inc., 1989

[Pearl88] Pearl, J., Probabilistic Reasoning in Intelligent Systems: Networks of Plausible

Inference, Morgan Kaufmann.,1988

[Salton83] Salton,G. and McGill, M.J., Introduction to Modern Information Retrieval ,

McGraw-Hill Inc., 1983

[Turtle90] Turtle, H.R., Inference Network forDocument Retrieval , Ph.D. dissertation,

Computer and Information Science Dept., Universityof Massachusetts at

Amherst, Mass., 1990

[Turtle91] Turtle,H.R. and Croft, W.B., ^Evaluation of an Inference Network-Based

Retrieval Model,~ ACM Transaction on Information Systems , Vol. 9, no. 3, July

1991, pp.187-222

[Wilson73] Wilson,P., ^Situational Relevance, ^ Information Retrieval and Storage , Vol. 9,

1973, pp. 457-471