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Abstract 
This paper describes the development of a new Internet Information Agent (IIA) that uses similarity-based 
methods to search the Internet. The work represents the results of an emerging symbiosis between the 
development of networked information sources, information retrieval algorithms and robust natural language 
technology. 
 
The Agent works by analysing a sample of the type of text that is known to be of interest to the user. It then 
extracts a number of linguistic features and stores these as a feature vector that is used to describe the content 
of the document. This data is then used as input to a range of similarity metrics that allow the agent to 
compare new texts with the original and thereby acquire "more of the same". 
 
The Agent's strengths lie in its use of a range of similarity metrics that are known to perform well over a wide 
variety of input. In particular, the Agent uses a novel control algorithm that allows it to automatically adjust 
its own behaviour according to the particular characteristics of the text under scrutiny. The Agent has been 
tested across a range of input data and evaluated against a number of criteria. The results of this evaluation are 
described and the prospects for the ongoing development of the Agent are discussed. 
 

1.0 Background 
One of the most important developments of the 1990's has been the expansion of the Internet from an esoteric 
university-oriented network to a mass-market consumer-oriented information resource. The number of 
subscribers to the Internet and the sheer volume of content continues to rise dramatically. However, with this 
expansion comes the need for a new generation of information search and retrieval tools. As the Internet 
expands, ever more sophisticated indexing and retrieval algorithms must be developed to cope with the 
demands for personalised, up-to-date information. 
 
This paper describes the development of a new Internet Information Agent (IIA) that uses similarity-based 
methods to search the Internet. The work represents the results of an emerging symbiosis between the 
development of networked information sources, information retrieval algorithms and robust natural language 
technology. 
 
The Agent works by analysing a sample of the type of text that is known to be of interest to the user. It then 
extracts a number of linguistic features and stores these as a feature vector that is used to describe the content 
of the document. This data is then used as input to a range of similarity metrics that allow the agent to 
compare new texts with the original and thereby acquire "more of the same". 
 

2.0 Technical Details 
The basic actions involved in a typical Information Retrieval (IR) application are: 
 
1. Formulation of the query; 
2. Comparison of the query with the documents in the database; 
3. Presentation of results to the user. 
 
Since the IIA is ultimately an IR application, it too performs these three basic operations. However, its 
function involves some distinct characteristics that reflect its working environment and the presence of certain 
novel features: 
 
1. The document database is the Internet, and this requires specific treatment. For example, the IIA must 
observe the Robot Exclusion Protocol, be able to cope with time-outs, empty documents, etc.; 
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2. Since the IIA's mode of operation is to "learn" from a sample of "reference" text presented by the user, it 
does not ask the user to formulate a separate query. However, it does process the original (or "reference") 
sample using methods that make it analogous to a query; 
3. The agent uses a novel control algorithm that allows it to adjust its own weightings to suit the particular 
sample of text used as reference material. 
 
The action of the IIA can therefore be summarised by the following three operations: 
 
1. Analysing the original or "reference" text; 
2. Searching the Web and applying the appropriate similarity metric(s); 
3. Presenting the results to the user. 
 
Of these three, the main activity (and the one by which most competing systems are judged) is the choice and 
application of the appropriate similarity metrics. Moreover, it is here that the use of novel algorithms and 
natural language techniques will have most effect. 
 

2.1 The application of the similarity metrics 
2.1.1 The Document Title 
The simplest way for a program to find documents on the Internet is to ask the user to formulate a query and 
then compare this with the titles that are returned by a HTTP "get" operation. Obviously, a well-written 
indexing program will save time by performing the second activity off-line, & producing an inverted index to 
the results that may then be searched on-line via a HTML forms interface. A range of comparison operations 
may then be applied - e.g. the cosine measure (Salton, 1983). This method is particularly popular since it takes 
into account both term frequency and term scarcity, and handles variations in the length of documents & 
queries. 
 
However, analysing the titles of documents provides only limited information concerning their actual content. 
Moreover, if the title has not been well chosen, the results may actually be misleading. To avoid this 
possibility the IIA not only analyses the title (using the cosine measure) but also performs a thorough analysis 
of the entire document content (using a variety of similarity metrics). Using the cosine measure, queries (and 
documents) are represented as vectors in multidimensional space; their co-ordinates being specified by the 
various terms. The document with the best match is the one whose vector is closest to the query (as measured 
by the cosine of the angle between the two). 
 
It is typical in such methods to apply some weighting to the term frequencies to represent their relative 
scarcity (and therefore their importance). One such technique employs measures known as TF.IDF weights 
(Salton, 1983). Using this scheme the term weights are calculated by multiplying their frequencies (the TF 
part) by the inverse of the number of documents in which they are known to appear (the Inverse Document 
Frequency or IDF part). However, the calculation of the IDF element relies on gaining access to an accurate 
source of word frequency data. The IIA currently extracts such data from an 18-million word corpus of 
English (CELEX), but future versions are likely to use the 100 million-word British National Corpus. 
 
The first similarity measure that the IIA performs is therefore the cosine measure, using the whole of the 
reference document to derive the first vector and the title of each candidate document to derive the second. 
Indeed, many simple Internet robots use only the title since in many cases such simple methods (perhaps 
augmented by thesaurus information) can be sufficiently effective. However, this approach has some serious 
shortcomings. By using only the title, and ignoring the content, it requires the authors to choose titles of their 
various documents with care. Clearly, this requirement is not always met. The IIA adopts a more robust 
approach since it analyses both the header and the content of each document.  
 
Once the IIA has applied the cosine measure to the document title, it begins to analyse the content, which is 
returned using a HTTP "get" request. The IIA then applies three different metrics to this data: (a) Character-
level n-gram analysis, (b) Word-level corpus similarity analysis and (c) Word-level n-gram analysis. It is this 
use of 3 measures, each exploiting a different aspect of the data, that promises to give the agent both 
robustness and flexibility. Of the indexing programs that actually analyse content, few are known to use such 
a wide range of analysis techniques. 
 
 
2.1.2 Character-level n-gram analysis 
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An n-gram is a string of symbols. A string of length 2 is known as a bigram, a string of length 3 is known as a 
trigram, and so on. N-gram distributions can easily be extracted from a text and represented as a rank-ordered 
list (e.g. all n-grams up to length ~5). These lists have the property of being highly dependent on domain, i.e. 
an n-gram distribution extracted from one subject area will differ significantly from that of another, while n-
gram distributions from the same domain tend to share many common features. It is this property that enables 
character-level n-gram data to be used effectively for text categorisation (Cavnar & Trenkle, 1994). 
 
The distributions can be analysed using a variety of statistical tests; rank correlation (using Spearman's S) is 
typical. However, the IIA uses the more rigorous log-likelihood statistic, which produces results that more 
accurately reflect the extent to which two distributions differ. The combination of the LL algorithm applied to 
n-gram character strings therefore forms a highly effective similarity metric. In addition, since any given text 
will contain more n-grams than words, this method gives robust performance even on very short documents 
(where word-based techniques would suffer from data sparsity). 
 
2.1.3 Word-level corpus similarity analysis 
There are many ways in which word frequency data can be used to measure document similarity. One of the 
simplest is to take the rank-ordered list of the words common to two documents and measure the rank 
correlation between the two. This gives a basic measure of similarity. 
 
Slightly more advanced is to use the log-likelihood measure (Dunning, 1993), which takes into account the 
quantitative data in the two word frequency lists (i.e. it uses the frequency data directly rather than just the 
rank value). The log-likelihood statistic has been shown to be a rigorous mathematical procedure that does not 
suffer from some of the shortcomings of other metrics, e.g. chi-square, (which tends to over-emphasise high 
contingency values) and mutual information (which tends to over-emphasise low contingency values). In 
addition, it makes no assumption of normally distributed data and copes well with varying amounts of 
information, which is typically the case with data extracted from textual sources. The IIA therefore uses the 
log-likelihood metric to compare the distributions of the reference text and each new text it finds. The 
similarity score is then calculated and multiplied by a suitable weighting factor (see Section 2.2). 
 
2.1.4 Word-level n-gram analysis 
A compact and efficient way to store the word-level n-grams found in a sample of text is to produce a 
"language model" (LM). There are numerous schemes by which this may be achieved, & one of the most 
popular is to use the "Back-Off" method (Katz, 1987). Although language models have been widely applied to 
speech recognition applications (as a source of contextual knowledge), their use within IR applications is 
quite novel.  
 
The main reason for this is that LMs need to be built from a large amount of "training" text that is known to 
be a genuine sample of the target material. Since it is known that a greater amount of training data leads to a 
more effective language model, it is clear that the average query submitted by the typical IR user would be 
insufficient. Moreover, since the users of most information retrieval systems seek to find such material in the 
first place, they will inevitably lack the very information that is required to build an accurate language model.  
 
However, since the IIA starts not from a query, but from a sample of text (which in some cases can be a 
reasonable size), it is able to build a language model and use it to represent the word-level n-grams and 
therefore act as a phrase-level similarity metric. Of course, the amount of sample text given to the IIA as a 
starting point will vary, and this affects the quality of the LM built therefrom. For this reason, the IIA uses a 
system of weightings to ensure that the results of the word-level n-gram analysis will be modified by a 
confidence level that reflects the amount of training data that was available. 
 
The advantage of LM-based similarity testing is that it helps solve one of the major problems of information 
retrieval applications: their inability to perform reliable Word Sense Disambiguation (WSD). For example, a 
search for the word "engine" would return documents related to many types of engine, i.e. automotive, 
computational, Internet search engines & so on. The search can be narrowed down using Boolean operators 
(e.g. "search" AND "engine") but that could still return documents in which someone was "searching" for 
parts of a car "engine". 
 
A simple and effective way to perform WSD is to apply a language model. Since the LM represents all the 
bigrams and trigrams in the reference document, it will produce a higher match for the words when found in 
their correct context (i.e. when "search" and "engine" are found in the bigram "search engine" rather than 
found separately). This characteristic enables the IIA to perform an elementary form of WSD that can help 
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discriminate between documents that appear similar at the word (and character n-gram) level, but are actually 
from different domains and are therefore using the words in different senses. 
 
The extent to which a test text “matches” a language model is measured by calculating its perplexity (Jelinek, 
1990), which is inversely proportional to the log of the geometric mean of the probabilities of all the words 
found in the test text as predicted by the language model. 
 

2.2 Analysis of the reference text 
Before the IIA begins its search, it performs an analysis of the reference document. This document is often a 
single page accessed via a URL. However, the IIA is flexible in that it has the ability to read the contents of an 
entire web site (or any subset thereof), to a depth specified by the user. This has the advantage that the user 
can then search for other texts that "complement this (entire) web site" rather just a single page. 
 
Once the reference text has been accessed, the IIA makes two important calculations. Firstly, it performs a 
word count of the reference text. Secondly, it performs a homogeneity test, which measures the amount of 
linguistic variation in the reference text. It does this by randomly allocating sentences from the reference text 
to one of two "sub-texts", and then comparing those two sub-texts with each other, using the similarity metrics 
described below. 
 
This process is a crucial step. Since the IIA traverses the Internet trying to find "more of the same", its 
performance will depend almost entirely on the effectiveness of its similarity measures. However, the result of 
a similarity measure between two texts is only meaningful if the two texts are consistent within themselves 
(Kilgarriff, 1996). The greater the degree of internal consistency, the more confidence there will be in the 
results of a similarity test. This is why the IIA always measures internal similarity (homogeneity) of the 
reference text before attempting to find similar documents. 
 
The results of these tests may then be used to optimise performance. For example, if the reference document 
is a single page, it is unlikely that sufficient word-level n-grams can be extracted to build a reliable language 
model. This metric should therefore be applied with a very low weighting. Similarly, word frequency data 
may be sparse, so this metric should possibly be given a lower weighting. Consequently, the majority of the 
weighting would be reserved for the character-level n-gram analysis, which is less susceptible to the problems 
caused by sparse data. Conversely, if the reference text is an entire web site (or any other source containing 
several thousand words) then the weightings should be adjusted to reflect the increasing reliability of the other 
metrics. The weightings may then be further modified by the results of the homogeneity test to provide an 
overall measure of confidence in the matching process and the resultant similarity scores. This confidence 
value (CV) is calculated by: 
 
 CV = 1/H * WC 
 
Initial calculations have shown that when CV <= 10 then the results of the similarity testing become more 
unreliable. Consequently, for the experimental work described below, this value was used as the basis for a 
simple binary test: If the value for CV exceeds 10, the weightings are set equally, i.e. w1 = w2 = w3 = w4 = 1, 
where: 
w1 = the weighting applied to the cosine measure; 
w2 = the weighting applied to the character level ngrams; 
w3 = the weighting applied to the word frequency comparison; 
w4 = the weighting applied to the word level ngrams. 
Conversely, if CV < 10, then the weights are set at: w1 = 1, w2 = 10, w3 = 1, w4 = 0.1. 
Future versions of the IIA will use a more sophisticated algorithm that adjusts the weights incrementally for 
any given confidence value.  
 
Before the IIA begins its search, the user is offered the opportunity to override any of the recommended 
weightings. The IIA also presents a recommended similarity threshold (ST), which can be used to specify a 
value within which the content of documents will be saved (thus eliminating the need for a further download 
by the user at a later stage). At present, the value for ST is fixed, having been derived via numerous empirical 
trials. However, work is currently underway to derive values for ST automatically, based on other data such as 
the confidence value (CV). 
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Once these settings are finalised the agent reads its search directives from a task file. These directives cover 
details such as: 
 
 - where to commence searching; 
 - how many levels down to search; 
 - what boundaries there are on the current search; 
 - which directories should be excluded; 
 - etc. 
 
The search then proceeds in a breadth-first manner, exploring links as it finds them. Since the depth of 
traversal can be controlled, the IIA is perfectly capable of analysing the contents of an entire web site. This 
contrasts with the action of many other indexing programs that go no deeper than a fixed number of levels 
below the home page. The action of the IIA can be defined mathematically by saying that it downloads all 
pages with a similarity score Sdoc <= ST where: 
 
Sdoc  = (w1 * (1-m1doc)) + (w2 * m2t) + (w3 * m3doc) + (w4 * m4doc) 
 
and: 
 
m1 = cosine measure 
m2 = character n-gram analysis 
m3 = word frequency log-likelihood 
m4 = perplexity (i.e. word level ngrams) 
 
and m1doc to m4doc = the results of applying metrics m1 to m4 to the candidate document. It should be noted 
that metrics 2 to 4 are actually dissimilarity metrics, in that they return a higher score the more dissimilar two 
documents are. For consistency therefore, m1 (the cosine measure) was recast as a dissimilarity metric by 
subtracting its value from +1 before multiplying by w1. 
 

2.3 Presentation of results 
Once the IIA completes its search (according to the directives given in the task file) it prepares to display the 
results. Firstly, it sorts the URLs it has visited according to their similarity score, and presents to the user this 
data as rank ordered list. Secondly it informs the user that the top ranking documents (whose score was above 
the given similarity threshold) have been saved in a separate file. 
 

3.0 Evaluation 
Time constraints have allowed only an initial evaluation of the IIA. Consequently, these results of these 
studies should be considered only as preliminary findings. 

Pilot Study 1 
The object of this study was to determine whether the IIA could find a number of documents that had 
previously been manually identified as relevant, when placed at random within the pages of an unrelated web 
server. In addition, the rank of those documents and their similarity scores could be compared with those of 
the highest other returned documents. 
 
For this experiment, the reference (or “training”) text was the complete set of pages resident on the BT 
Language Group web server. (Actually, only 90% was used - the remaining 10% was reserved as test data: see 
Pilot Study 2). Clearly, the test documents had to be from a different source, but still related to the training 
material (i.e. concerned with Language Technology). For this reason, the introductory pages from three other 
recognised centres of language technology research were chosen: UMIST, Durham University and Sheffield  
University. The URLs of these pages were: 
 
http://www.ccl.umist.ac.uk/research/booklet/node3.html 
http://www.dur.ac.uk/~dcs0www3/lnle/lnlehome.html 
http://www.dcs.shef.ac.uk/research/groups/nlp/about.html 
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The documents had then to be placed in a location where the IIA would be sufficiently tested in finding them. 
This was achieved by were linking them within the “infostructure” of a further (unrelated) BT Web site: the 
Intelligent Systems Unit server. The overall evaluation procedure was thus: 
 
1. Choose a suitable reference (or “training”) text. 
2. Select a number of suitable test documents, and link these to the infostructure of an unrelated web server. 
3. “Train” the IIA on the reference text, setting the weights accordingly (since the CV of the source was high 

in this case, the weights were set equally). 
4. Let the IIA search the web server for the test pages. 
5. Review returned documents. 
 

Results 
The results are shown in Table 1. The number of pages analysed refers to those that were successfully 
retrieved using a HTTP "get" request (as opposed to those that returned a time-out, or NotFound, etc.). The 
number of pages retained refers to those that were found to be within the similarity threshold. 
 
Number of pages analysed = 643 
Number of pages retained = 603 
 

Page Rank 
Sheffield 409 
Durham 121 
UMIST 397 
Average of above 309 
Median rank (overall) 302 

 
Table 1. Ranks of relevant pages found on unrelated server. 

 
Clearly, the results are disappointing, since the average rank of the target is poorer than would be expected by 
random selection. However, it is clear that the similarity score threshold is far too loose since the great 
majority of pages analysed are being retained. This goes somewhat against the general aims of IR. Moreover, 
it highlights the extent to which the weightings need to be correctly tuned for robust performance. 
 
In addition, there remains a further question regarding the relationship between document length and 
similarity. Whilst it is clear that the log-likelihood and similar metrics should be relatively insensitive to 
variations in length (indeed, this is often cited as one of its strengths), it is also evident that longer documents 
seem to produce lower similarity scores. Since the target documents were all of greater length than the 
average of the others, this may have been a factor. Further investigation of this issue is required. 
 

Pilot Study 2 
This study proceeded as above except that the element of subjectivity in choosing the target document was 
eliminated. Instead, a set of "pseudo-documents" were created from the reserved 10% of the reference text 
(the content of the BT Language Group server). These pseudo-documents were constructed to be each around 
590 words in length, since this was the average length of the documents used in Study 1. Since the documents 
were created from test sentences, they had no title. Consequently, the weighting for metric m1 in this 
experiment was set to zero. 
 

Results 
The results are shown in Table 2. The number of pages analysed refers to those that were successfully 
retrieved using a HTTP "get" request (as opposed to those that returned a time-out, or NotFound, etc.). The 
number of pages retained refers to those that were found to be within the similarity threshold. 
 
Number of pages analysed 644 
Number of pages retained 608 
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Page Rank 
pseudo1 35 
pseudo2 117 
pseudo3 64 
Average of above 72 
Median rank (overall) 304 

 
Table 2. Ranks of relevant pages found on unrelated server. 

 
 
Firstly, it is clear that the retrieval performance has improved. However, the performance remains modest. 
Since the pseudo documents were created from text that is indisputably from the same source as the training 
material, a more positive retrieval score would have been expected. Possible reasons for the poor performance 
again concern the weight setting; the importance of this and the need for further empirical evaluation cannot 
be underestimated.  
 
Secondly, it is interesting how the numbers of documents analysed and retained have both changed. Since 
they are all from a BT internal server it is unlikely that this is due to variable Internet connections. A possible 
explanation could be a change in the loading of the server, which enabled it to meet more requests in this trial. 
Whilst it is true that many documents have links to external pages that would be sensitive to Internet 
fluctuations, the IIA is designed to only test such links, rather than retrieve the actual documents. By 
restricting its search to a particular server, it ensures that such external factors should have no effect on the 
overall quantity of material returned. 
 
In addition, it is necessary to consider the actual source material used as training data. Can it really be said 
that the contents of a web site constitute a coherent information source? With a multiplicity of authors and 
document types it is inevitable that there will be considerable variation. This underlines the importance of 
performing a homogeneity test beforehand, so that the degree of variation may be estimated. More work is 
needed to identify the best way of using this data to control the automatic weight setting procedure (see 
Further Work). 
 

4.0 Further Work 
Clearly, these experiments provide only a preliminary evaluation. Further rigorous testing is required, using a 
recognised test set and the familiar metrics of precision and recall. Moreover, the tests above both used an 
entire web server (or at least 90% of it) as the starting point - what would be the effect of using a single 
document? How effective would the IIA then be? These are currently the subjects of further study. 
 
A further logical extension is to enable the IIA to choose its own starting point for the search, rather than 
requiring input from the user. This could be achieved by applying topic identification techniques to the 
reference text (e.g. Rose et al (forthcoming) or Lewis (1992)) and using the results to index a database of 
“relevant servers” for each general category of input. A further improvement is to normalise the output of 
each similarity metric to produce a value between 0 and 1, where 0 represents two identical documents and 1 
the case where they are maximally dissimilar. 
 
A further extension to the functionality of the agent is to package the script as a CGI-bin program, present a 
form-based WWW interface to the user and carry out all interaction via the WWW. This would allow users to 
interactively view the URLs returned by the IIA. It may also be useful to allow the user to submit searches 
off-line, and present the results as a URL to a page of HTML (notifying the user by email when the page is 
ready). 
 

4.1 Dynamic weight updating 
The performance of the IIA can only benefit from further tuning. There are many sophisticated metrics 
involved in its operation and considerable evaluation is needed to optimise the performance of all parameters. 
One way of achieving this is to incorporate some degree of relevance feedback, in which users can interact 
with the IIA to improve its performance and more tightly focus its searching. This could be achieved by the 
user specifying which of the returned documents constitute good examples (in which case the IIA can use 
them as further training material and update its own reference files) and which are particularly bad examples 
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(in which case the agent could use the information to "purge" its reference files of inappropriate n-grams and 
word frequency data). 
 
For example, suppose two texts have been returned, one that is rated 5/10 by the user and the other 9/10 (this 
could be implemented using a spin button, slider bar, etc.) The IIA could then increase the weighting of the 
metric that made the biggest contribution to the similarity score of the second document, and decrease those 
that made the smallest contribution. The value of this adjustment would be proportional to the size of the 
difference multiplied by a suitable normalisation factor. In cases where more than two texts have been 
returned (and scored by the user), the IIA could work iteratively through the list calculating differences and 
adjusting weightings accordingly. 
 

4.2 Corpus Acquisition 
One of the original aims behind the design of the IIA was to help solve a problem that has troubled the speech 
recognition community for many years: how to acquire sufficient quantities of training data from which to 
build reliable language models. In a typical speech recognition application there is only a small quantity of 
task data available, so attempts are made to augment this with data from a more general source. Often the 
results are unsatisfactory, since the n-grams obtained from a small sample cannot easily be merged with those 
derived from a large general corpus. A variety of interpolation schemes have been suggested, but few have 
met with widespread acceptance. 
 
The IIA helps solve this problem since it is designed to find (and download) samples of text that match the 
characteristics of the reference sample. The Internet is surely the biggest corpus in existence, so if the 
methods for efficiently analysing it can be developed then the speech recognition community would benefit 
greatly. The IIA is currently being evaluated for precisely this purpose. 
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