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1 Ad-hoc Task

1.1 Background

The focus of our work in TREC 8 has again been on the
retrieval of documents using arbitrary passages. This year
the system has been re�ned to include variable sized passages
and pivot normalisation. Passage based automatic relevance
feedback has also been explored, albeit without the use of
negative feedback.

1.2 Method

As in previous years, an in-house version of the MG retrieval
system was used for all experiments. For document ranking,
documents and queries were matched using the Okapi simi-
larity measure [13]:

sim(q; d) =
X
t2q^d

wd;t � wq;t (1)

where

wd;t =
(k1 + 1) � fd;t

k1 � [(1� b) + b � Wd
avr Wd

] + fd;t

wq;t =
(k3 + 1) � fq;t
k3 + fq;t

� log N � ft + 0:5

ft + 0:5

The constants k1, k3 and b were set to 1.2, 1000 and 0.75
respectively, as recommended by the City University group
[13]. Wd is the length of the document d in bytes and avr Wd

is the average document length in the entire collection. N
is the total number of documents in the collection, ft is the
number of documents in which term t occurs, and fx;t is the
frequency of term t in either a document d, passage p or query
q.

For passage ranking, queries and passages were matched
using a non-normalised version of the cosine similarity func-
tion:

sim(q; p) =
X
t2q^p

wq;t � wp;t (2)
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where the weights were as follows:

wq;t = (log(fq;t) + 1) � log(N
ft

+ 1)

wp;t = log(fp;t) + 1

Multiple passage sizes were used for mds08a1, mds08a2,
and mds08a3, necessitating the lengthwise normalisation of
their passage scores before they could be compared. The pas-
sage scores were normalised using a pivot with a slope of 0.2
[11].

simn(q; p) =
sim(q; p)

(1� slope) + slope � ( Wp
avr Wp

)
(3)

where Wp is the passage's length and avr Wp is the average
length of all of the passages, both measured in words. The
similarity score for each document is the maximum of the
normalised similarity scores for its passages.

Automatic relevance feedback is based on the Rocchio for-
mula [9]:

Qnew = � �Qorig +
�

jRj
X
r2R

r � 

jR0j
X
r02R0

r0 (4)

whereQorig is a weighted term vector for the original query; R
is the set of relevant documents; R0 is the set of non-relevant
documents; and r and r0 are weighted term vectors for rele-
vant and non-relevant documents respectively. The parame-
ters �, � and  determine the e�ect of the terms from the orig-
inal query, relevant documents and non-relevant documents.
These parameters were set as follows; � = 1.0 and � = 2.0,
negative feedback was not used rendering the  parameter
irrelevant.

Both the document and query terms were stopped and
stemmed. Single terms were stemmed according to the Lovins
algorithm [7], while the stop-list contained 368 terms and is
the same as that used in our TREC 7 experiments [6].

1.3 Ad-hoc runs

For each of the submitted runs mds08a1 { 3, passage sizes in
the range f50, 100, 150, . . . , 600g terms were used. For each
passage size, all of the documents with a non-zero similarity
to the query, as calculated from equation 2, were recorded.
These passage scores were then normalised using equation 3
and the maximum normalised passage score for a document
was used as its similarity score. The 1000 highest scoring doc-
uments were chosen as candidate documents for each query.

The mds08a4 and mds08a5 were experimental runs that
used query expansion based on passages and passage-based
re-ranking. Using a passage size of 100 terms, 20 passages
were retrieved and assumed to be relevant, giving set R in



Precision Precision Precision Average Recall
@10 docs @20 docs @100 docs Precision % � (max 4728)

title
document 0.4120 0.3520 0.2058 0.2095 0.0 2507
passage-300 0.4180 0.3470 0.2018 0.2154 +2.8 2576
optimal passage (500) 0.4160 0.3480 0.1966 0.2187 +4.4 2577
var. passages (mds08a1) 0.4040 0.3490 0.2052 0.2236 +6.7 2594
query expansion (mds08a5) 0.3900 0.3470 0.2076 0.2324 +10.9 2804
title + desc
document 0.4400 0.3750 0.2104 0.2395 0.0 2690
passage-300 0.4160 0.3440 0.1986 0.2308 -3.6 2683
optimal passage (200) 0.4000 0.3350 0.2002 0.2323 -3.1 2702
var. passages (mds08a2) 0.4160 0.3590 0.2026 0.2397 +0.1 2732
query expansion (mds08a4) 0.4180 0.3680 0.1986 0.2550 +6.5 2843
title + desc + narr
document 0.4280 0.3720 0.2118 0.2366 0.0 2768
passage-300 0.4000 0.3290 0.1768 0.2191 -7.4 2478
optimal passage (150) 0.4080 0.3430 0.1844 0.2256 -4.6 2578
var. passages (mds08a3) 0.4000 0.3570 0.1906 0.2338 -1.2 2640
query expansion 0.3900 0.3490 0.1998 0.2534 +7.1 2809

Table 1: The e�ectiveness results for the described runs on the 50 TREC 8 topics.

equation 4. No documents were assumed to be irrelevant,
i.e. set R0 was empty. All of the terms that appeared in
the text of these passages were stopped and stemmed using
the Lovins algorithm. The number of passages that each of
these terms appeared in and its total number of occurences
in R was calculated. The 50 terms that appeared in the most
passages were selected to be included in the expanded query.
Where there was contention between terms for selection it was
resolved by reference to the total number of times that the
terms appeared in the top 20 passages.

The documents that contributed the 20 passages were re-
trieved and the weights for each of the selected terms were
calculated according to:

wd;t =
1 + log(1 + log(fd;t))

(1 � slope) + slope� Wd
avr Wd

The original query terms were re-weighted using:

wq;t = (log(fq;t) + 1) � log(N + 1

ft
)

These weights were combined using the Rocchio formula
of equation 4 then normalised. With the query terms re-
weighted and the new terms added to the query, the query
was re-run using a �xed passage size of 300 terms, and the
best 1000 documents selected.

1.4 Results and Analysis

The TREC 8 results are shown in Table 1 with the submitted
runs shown in boldface. Only the mds08a3 and mds08a4 runs
were used for pool judgments.

The document run is intended as a base against which the
other runs can be compared; it used the Okapi similarity mea-
sure. The optimal passage runs are �xed-size-passage runs
that generated the highest average precision; they are shown
for comparison with the variable passage length runs. The
query-expansion run for the title+desc+narr queries used the
same automatic relevance feedback as mds08a4 and mds08a5.

> Median

mds08a1 14
mds08a2 18
mds08a3 13
mds08a4 26
mds08a5 24

Table 2: The number of the 50 queries that were better than
the median average precision for each submitted run.

As noted in the TREC 7 report, passage retrieval is com-
parable to document-based retrieval for short queries and
slightly less e�ective for longer queries.

It is interesting to observe that although the document
based runs generally have better precision at 10, 20 and even
100 documents, the passage based runs on occasion manage
comparable or even superior average precision. An example
of this is provided by the title runs mds08a1 and document,
of table 1. This e�ect is caused by the less precise run hav-
ing superior recall, as is shown in the recall column of table
1. In most situations, where a run retrieves more relevant
documents than the document-based run it also has a higher
average precision.

In contrast to previous years the use of the topics' narra-
tive component appears to detract from the system's retrieval
e�ectiveness. This is particularly evidenced by the Okapi doc-
ument based retrieval which shows a 1.2% degradation in ef-
fectiveness when the narrative is included, compared with a
17.6% improvement in TREC 7 [6].

Table 2 compares the submitted runs against the submis-
sions of other TREC participants, it shows the number of
queries for each run that achieved a higher average precision
than the median. None of the runs had the best precision for
any of the queries.

The use this year of variable sized passages has been
worthwhile, providing an improvement in e�ectiveness over
the use of �xed size passages. The exception to this is for
title queries where it has a lower precision at 10 documents
than both the passage-300 and optimal passage runs. How-
ever, it is again greater at 20 and 100 documents. Another



Query Precision Precision Precision Average Recall
Type @10 docs @20 docs @100 docs Precision �% (max 206)

title
document 0.2579 0.1763 0.0589 0.3452 0.0 173
passage-300 0.2684 0.1684 0.0547 0.3356 -2.8 177
var. passages 0.2895 0.1763 0.0579 0.3451 0.0 177
query expansion 0.2684 0.1684 0.0605 0.3549 +2.8 181
title + desc
document 0.2579 0.1711 0.0600 0.3305 0.0 183
passage-300 0.2368 0.1711 0.0574 0.3167 -4.2 185
var. passages 0.2684 0.1763 0.0589 0.3429 +3.8 184
query expansion 0.2789 0.1763 0.0632 0.3832 +15.9 184
title + desc + narr
document 0.2684 0.1658 0.0621 0.3273 0.0 183
passage-300 0.2579 0.1684 0.0626 0.3490 +6.6 187
var. passages 0.3105 0.1816 0.0568 0.3810 +16.4 186
query expansion 0.3263 0.2079 0.0684 0.4330 +32.3 205

Table 3: The results of running the TREC-8 runs on the FR collection alone, using the 19 queries that had relevant answers
in the FR collection.

bene�t of this approach is that it is independent of query
length; in contrast, di�erent sizes of �xed passages are bet-
ter suited to queries of di�erent lengths, with the optimum
passage size shrinking as query length increases.

The experimental mds08a4 and mds08a5 runs did not use
variable size passages. These runs are more e�ective than
the �xed size passage runs on which they were based. This
is particularly true for longer queries, with the exception of
the title+desc+narr run which registered a precision at 10
documents which was worse than both of the �xed size passage
runs.

Table 3 shows how the same runs fared on the Federal
Register collection (FR) alone. The documents contained in
the FR collection are statutory rules and regulations of the
US Federal Government, these documents are characterised
by an average length that is greater than the other collections
that comprise the TREC 8 collection. Only those topics that
had a relevant document in the FR collection were used; this
meant that there were 19 topics with 206 relevant documents.

Passage-based retrieval seems to be particularly e�ective
for the FR collection. Whilst the e�ectiveness of passage-
based retrieval decreased | relative to document based re-
trieval | for longer queries over the entire collection, it
increased when only the FR collection was used. In fact,
passage-based retrieval improves on document-based retrieval
for virtually all of the runs. It is particularly interesting that
the variable size passage runs have better recall and preci-
sion than the document-based runs, this appears to be for a
number of reasons.

Firstly, running the 19 FR queries over the total collection,
as opposed to the 50 queries that generated the results in table
1, gives results that are similar to the results of table 3 in
that passage retrieval outperforms document retrieval. This
suggests that either some of the 19 FR queries are particularly
susceptible to passage retrieval or that some of the other 31
queries are poor candidates for passage retrieval.

Secondly, given the longer documents in the FR collection
it would be expected for the e�ectiveness of passage-based
retrieval to improve relative to document retrieval.

Thirdly, it is conceivable that the limited number of rel-
evance judgments, relevant documents and candidate docu-
ments are skewing the results.

2 Question & Answer track

2.1 Introduction

We participated in the 250 byte category of the question and
answer track, submitting one run, mds08q1 . Our objective
in participating in this track was to determine the appropri-
ateness of applying traditional document retrieval techniques
to the retrieval and extraction of small, focused text segments.

2.2 Method

It was our goal to determine whether the passages of text that
exhibited the closest correspondence to the question in terms
of content also contained a correct answer.

Therefore, with this in mind our approach was as follows;

1. Modify the question into an acceptable query for the
system.

2. Retrieve the 50 most relevant passages from the docu-
ment collection using passage ranking.

3. Find the 5 best sentences from the 50 retrieved passages.

4. If a sentence was over 250 bytes in length, use a 250 byte
sliding window to �nd the segment that best matched
the query.

Query generation

Queries were generated from the o�cial questions by stop-
ping terms and removing all punctuation. This converted the
question to a conventional query that was used as input to
the MG retrieval system. Generally, the resulting query was
very short, with an average length of 4.8 words in the training
queries and 5.3 words in the actual queries.

Extracting the best passage

These queries were used as input to the MG passage retrieval
system which used the similarity measure de�ned in equation
2 to retrieve the most relevant passage from the 50 most rele-
vant documents for each query. The passages were 150 words
in length with each new passage commencing at a 25 word



interval from its predecessor. Because all of the passages are
the same length there was no need for passage length normal-
isation. The document and query terms were case-folded, and
stemmed using the Lovins algorithm.

Finding the best sentences

The passages retrieved by MG were segmented into individual
sentences and a similarity relative to the query was calculated
for each sentence. The �ve sentences with the highest similar-
ity scores were then selected as the candidate answers to the
question. The query and sentence terms were case-folded and
stemmed by the sentence retrieval engine using the Lovins
algorithm.

The similarity of each sentence was calculated by:

sim(q; s) =
1

ws

X
t2q

ws;t � wq;t (5)

where:
ws;t = log(fs;t + 1)

wq;t = log(fq;t + 1) � log(N
ft

+ 1)

ws =
p nX

t=1

w2
s;t

In the above equations fx;t is the number of times that the
term appears in x, where x is either a sentence or a query, N
is the total number of documents in the collection, and ft is
the number of documents in which the term appears.

Reducing a sentence to 250 bytes

Some of the sentences that were returned were in excess of the
250 byte ceiling imposed on acceptable answers. The prun-
ing stage described here only applied to those sentences that
exceeded the 250 byte limit.

A sliding window was used to identify 250 byte segments
for excessively long candidate sentences. The left edge of the
window was placed at the start of the sentence, with the win-
dow extending 250 bytes into the sentence. The window was
then slid across the sentence in single word increments, so
that the left edge of the window was always located at the
start of a word. At each position a similarity score for the
window was calculated using equation 5.

When the right edge of the window reached the end of the
sentence the process was stopped, and the window position
that generated the highest similarity score was chosen to rep-
resent the sentence. The sliding operation did not observe
word boundaries at the window's right edge.

As in the previous stages all of the query and sentence
terms were case-folded and stemmed using the Lovins algo-
rithm.

2.3 Results and analysis

This approach retrieved many short sentences with a high
proportion of relevant terms but not an appropriate answer.
A good example of this phenomenon were headlines, which
were frequently retrieved. The role of a headline is to suc-
cinctly describe the topic of its accompanying article. It is
brief and can contain a large proportion of the terms used to
identify a subject. Therefore it is not suprising that a question
requesting speci�c information about an event would retrieve

the headline of an article describing the event. Unfortunately,
an acceptable answer generally required more detailed infor-
mation than a headline could provide.

Another concern was that sentences containing repeated
occurrences of a single query term were in some cases being
retrieved before sentences that referenced multiple distinct
query terms. This was a concern because the sentences con-
taining a broader coverage of the query terms were generally
the more relevant sentences.

From these observations the similarity measure underwent
two modi�cations. Firstly, the sentence normalisation proce-
dure was modi�ed to reduce the disproportionate number of
short sentences that were being returned. Secondly, the simi-
larity measure was changed to reward sentences that provided
a good degree of query coverage, through the use of supple-
mentary coordinate matching [16].

Floor on sentence length

The �rst modi�cation to the similarity measure was to set a
oor on the length of sentences for the purpose of calculating
similarity. If the calculated weight for a sentence (equal to
the sentence length in the case of sentences without repeated
terms) was less than a oor x its weight was �xed at

p
x.

This required that a short sentence be highly relevant before
it was retrieved and also allowed the similarity of sentences to
be adjusted according to their length. As shown in table 4, it
was an e�ective mechanism for improving the performance of
this task. Experimentation with the use of pivot normalisa-
tion found that the thresholding mechanism provided superior
sentence length normalisation for this task.

This normalisation technique converted ws, de�ned previ-
ously in equation 5, to:

ws =

�
ws0 ; if ws0 � x1=2

x1=2; otherwise
(6)

where:

ws0 =
p nX

t=1

w2
s;t

Experimentation with varying oor lengths suggested that
30 words was a reasonable length for the current document
collection; see table 4.

Coordinate Matching

The information needs represented by the TREC Q&A ques-
tions require the extraction of speci�c information from the
document collection in the form of short, precise answers. Our
approach has been to attempt to identify appropriate sen-
tences or sentence fragments. It is our contention that when
using such an approach it is preferable to combine the terms
in a more conjunctive manner than would be appropriate for
a conventional ranked query. It is also our belief that con-
cepts are generally only stated once within a given question,
whereas a query such as a TREC topic may contain many re-
statements of a single concept through the use of synonyms,
and so on. These hypotheses suggest that a candidate sen-
tence's likelihood of relevancy increases with the number of
distinct query terms that it contains. Therefore, a good can-
didate answer should provide coverage of most if not all of
the query terms and the degree of this coverage should be
taken into account when calculating the similarity for a given
sentence.



Answer Sentence oor length, in terms
appears in 0 10 20 30 40 50

1st sentence 1 6 10 8 9 9
2nd sentence 2 3 2 8 3 2
3rd sentence 2 1 0 1 3 2
4th sentence 4 2 3 1 3 1
5th sentence 1 0 3 1 1 2
not found 28 26 20 19 19 22
Score 0.102 0.219 0.325 0.336 0.328 0.298

Table 4: System performance using a range of sentence-length minimums on the 38 training questions. These judgments were
not made by NIST assesors and should not be compared to the o�cial results.

Given this consideration, coordinate matching was used
to award a sentence an extra point for each distinct query
term that it contained. These coverage points are in addition
to the sentence's conventional cosine similarity score. This
converted the similarity score de�ned previously in equations
5 and 6, to the form:

sim(q; s) =
1

ws

X
t2q

ws;t � wq;t + count(t2q^s) (7)

The e�ect that this mechanism has on the retrieval e�ec-
tiveness of the system is shown in table 7. The submitted
run, mds08q1 , used this similarity measure with a sentence
oor of 30 terms. The results of the judged run are shown in
table 5, and are compared against the other judged runs in
table 6.

Answer appears in mds08q1

1st sentence 71
2nd sentence 22
3rd sentence 11
4th sentence 12
5th sentence 5
Not found 77
Score 0.453

Table 5: The judged run, mds08q1. It used the similarity
measure of equation 7 with a sentence oor of 30 terms.

mds08q1

= Best 77
> Median 73
= Median 108
< Median 17
= Worst 77
Average Rank 5.2

Table 6: A comparison of mds08q1 with the other question
and answer runs that were judged at NIST. The average rank
metric is relative to the other runs, with the rank for a topic
being the position at which the run's score was placed relative
to all other runs.

Subsequent to the submission of our o�cial run, we have
explored this idea further. One modi�cation undertaken was
to normalise the cosine similarity scores to a range between
0 and 1 by dividing the scores by the query weights. This
meant that when the query coverage points were added, the
sentences with the most distinct query terms were automati-
cally the highest ranked sentences. The cosine score was used

to di�erentiate between sentences that contained the same
number of query terms.

This similarity score is described by:

sim(q; s) =
1

wswq

X
t2q

ws;t � wq;t + count(t2q^s) (8)

where

wq =

nX
t=1

(w2
q;t)

1=2

As table 7 shows, supplementary coordinate matching is
a very e�ective mechanism for increasing the precision of this
task. However it is not without disadvantages.

One undesirable e�ect occurs when a single logical com-
ponent of the query is expressed using a phrase consisting of
multiple words. This e�ectively gives that concept a much
higher weighting in the query than those that can be more
briey described.

For example, the question \The Faroes are a part of
what northern European country?" after stopping becomes,
\Faroes part northern European country" This embodies
three separate concepts; \Faroes", \part", and \northern Eu-
ropean country" each of which are nominally of equal impor-
tance.

However, using word based coordinate matching, the con-
cept \northern European country" can attract up to 3 cover-
age points (one per word) whereas the \Faroes" concept will
only attract a maximum of 1 coverage point if it appears.
This biases the results towards those sentences that contain
multi-word concepts. Essentially, the problem is that query
coverage points are awarded for single-word terms when they
should be awarded for concepts.

This phenomenon was observed on the training data, with
sentences containing the correct answer to the Faroe islands
question regularly retrieved before the query coverage points
were awarded. However, they were replaced by sentences
about northern European countries once the query coverage
points were added.

This problem could be minimised through a linguistic
preparsing of the query to divide it into logical concepts or
common phrases, and to subsequently award query coverage
points equitably across identi�ed concepts.

2.4 Conclusion

This study has been an experiment into the e�ectiveness of
the use of statistical IR for solving the question answering
problem. It has shown that statistical IR without natural lan-
guage processing can be used with some e�ectiveness to locate
and retrieve small fragments of text as answers to questions.



Answer conventional including incl. cosine normalisation
appears in: cosine measure coordinate matching & coordinate matching

1st sentence 57 74 75
2nd sentence 23 18 22
3rd sentence 13 13 11
4th sentence 11 11 12
5th sentence 7 5 2
Not found 87 77 76
Score 0.389 0.460 0.470
Di�erence 0.0% +18.3% +20.8%

Table 7: Comparison of the performance of three similarity measures on the 200 Q&A questions. All of the runs shown used
a sentence oor of 30 words. These runs have not been o�cially judged and should not be compared to the o�cial run scores
from NIST.

Simple question answering can be reasonably supported by
traditional IR techniques however for more robust solutions
to complex questions it is envisaged that natural language
processing techniques will be required. Techniques such as
coreference resolution, entity detection and question analy-
sis have been demonstrated by groups to be e�ective in this
task.

3 Web track

3.1 Introduction

The MDS group participated in the small web track, sub-
mitting three runs; a content-only run, mds08w1 , and two
content-and-link runs, mds08w2 and mds08w3 .

Our objective in participating in this track was twofold.
Firstly, to determine whether simple manipulation of linking
information would enable e�ective re-ranking of documents
within a result set. Secondly, to examine the e�ectiveness of
content-only retrieval on web data.

3.2 Content only run

This run, mds08w1 , was performed using a similar proce-
dure to the runs in the ad hoc task. The in-house version of
MG was used to retrieve the most relevant documents using
passage similarities that were calculated from the similarity
measure de�ned in equation 2. Passages of 150 words were
used, with each passage starting at 25 word intervals. It was
not necessary to normalise the passage similarities as all of
the passages were the same length.

3.3 Content and link runs

Our retrieval system made use of the sibling relationship be-
tween documents, where sibling documents are de�ned as two
or more documents that are linked from the same document.
This is based on the hypothesis, that if document P links to
document A, then other documents that are directly accessi-
ble from document P are likely to contain similar content to
document A. Therefore, it should be possible to infer some
degree of related content from a sibling relationship between
two documents. Of course, this will not always be the case:
for example, an individual's home page may have pointers
to many di�erent �elds of interest that are wholly unrelated.
Therefore, an additional constraint was imposed on the sib-
ling documents before they were used to infer related content.
This constraint was to only recognise a sibling relationship if
both of the siblings were retrieved in the top n documents

for a given query. This ensures that the two documents have
reasonably similar content which, when combined with their
sibling relationship, suggests that they share very similar con-
tent. Therefore, if A is relevant and B, A's sibling, has similar
content to A then it is likely that B is relevant as well.

Sibling relationships were only identi�ed if the siblings and
the parent that links to them were all present in the WT2G
collection.

There were two types of content-and-link runs used; a very
simple sibling relationship implementation, and another ver-
sion that aimed to overcome some of the simpler run's short-
comings.

Simple run

The run described in this section was submitted asmds08w2 ,
and was processed as follows.

1. Retrieve the best 1000 documents using the same mech-
anism as the content-only run, call this set R.

2. For each retrieved document, d:

(a) Locate the document's siblings.

(b) For each located sibling:

i. If the sibling is in R add 1=kth of its content
similarity score to the document d's similarity
score.

3. Re-rank the documents.

Therefore, the siblings of a document with a high similar-
ity score receive a greater similarity increase than the siblings
of documents with low similarity scores. The k parameter was
set to 50, a �gure that gave reasonable results in training.

The similarity measure can be expressed as:

sim(q; d) = simc(q; d) +
1

k

X
d02sib(d)^ret(q)

simc(q; d
0) (9)

where, simc(q; d) is d's content similarity score for the
query q, sib(d) is the set of d's siblings, and ret(q) is the set
of documents retrieved for the query q.

A concern identi�ed from the results of this run was that
very well linked documents could have their similarity score
boosted enormously. In some cases, the bonus scores de-
rived from linking completely overshadowed the base simi-
larity score of documents with good content. This resulted in



documents with poor content that were linked to documents
with good content being ranked higher than documents that
themselves had good content. This is undesirable because
the content similarity score is a considerably more accurate
measure of relevance than the linking information score.

In mds08w3 measures were undertaken to minimise the
inuence of this and other factors.

Improved Run

The run described in this section was submitted as runmds08w3
and it was constructed as follows.

1. Retrieve the best 2000 documents using the same mech-
anism as the content-only run, call this set R.

2. Choose the top x documents from R, call this set X.

3. For each retrieved document, d:

(a) Locate the document's siblings.

(b) For each located sibling:

i. if the sibling is in X add 1=kth of its content
similarity score to the document d's similarity
score.

(c) Limit the linking component of document d's score
so that it cannot exceed the contribution made by
the document's content.

4. Re-rank the documents.

5. Select the top 1000 documents.

Step 1 of the algorithm extracted a larger collection of
documents, 2000 as opposed to 1000 in mds08w2, to increase
both the amount of linking information available and the pool
of relevant documents. It was hoped that this would allow the
identi�cation of more sibling relationships and also improve
the system's depth of recall.

Step 3(c) of the algorithm is used to reduce the accu-
mulated impact of excessive linking on similarity scores and
thereby limit linking bonuses to a secondary role. This con-
strained the amount that linking information could contribute
to a document's similarity score to no more than the docu-
ment's original score derived from its content. Therefore, a
document's similarity score could be at most doubled through
the existence of relevant siblings.

The other modi�cations to the mds08w2 process are steps
2, and 3(b)i. These modi�cations are aimed at reducing the
e�ect whereby well connected, less relevant documents tend to
drive each other up the rankings. If the 950th document has
the 1010th, 996th and 988th ranked documents as its siblings
then its ranking will probably be signi�cantly improved as
a result of these relationships. However, at these low ranks
there is only a slight probability that these documents are
actually relevant. The problem is that a linking relationship
with 3 relatively poor documents should not be equivalent to
a relationship with a single good document, if in fact it should
be worth anything at all. The motivation behind the use of
linking information was to boost documents that were linked
to good documents rather than documents that were linked to
poor documents. It was originally intended that this problem
would be handled by proportionally adjusting the sibling's
score relative to the retrieved document's similarity, however
this mechanism was not su�ciently restrictive to eliminate the
problem described previously. In response to this, a smaller

subset of the higher ranked documents were used for sibling
linking, rather than all of the retrieved documents. These
higher ranked documents are much more likely to be relevant
and presumably so are their siblings.

For the purposes of mds08w3 the subset of retrieved doc-
uments that were considered for sibling linking were the 500
most highly ranked documents retrieved by the MG system.

From these modi�cations the similarity measure became:

sim(q; d) = simc(q; d) + siml(q; d) (10)

where,

siml(q; d) =

�
siml0 ; if siml0(q; d) < simc(q; d)
simc(q; d); otherwise

siml0(q; d) =
1

k

X
d02sib(d)^ret(x;q)

simc(q; d
0)

and ret(x; q) is the set of the top x documents retrieved
by the retrieval engine for the query, q.

3.4 Results and Analysis

Unfortunately, both of the submitted content-and-link runs
yielded disappointing results compared to the content-only
run; see table 8. On average the performance was degraded
when the sibling linking information was used. The mds08w3
run outperformedmds08w2 as anticipated, however both were
inferior to mds08w1. Both of mds08w1 and mds08w3 were
judged, whereas mds08w2 was submitted but not judged.
There were queries for which the content-and-link runs out-
performed the content-only run, indicating that those queries
�tted the sibling model well.

Run Identi�cation > Median Best

Content-only
mds08w1 39 3
Content-and-link
mds08w2 34 2
mds08w3 40 12

Table 9: Comparison of the submitted MDS runs against all
of the submitted runs for the 50 queries.

The content-only result was fairly pleasing given that only
a single passage size was used and no attempt was made to
extract meta-information from the HTML. Interestingly, from
table 9 it can be seen that although the mds08w3 was less
e�ective than the content-only run, its performance relative
to the other submitted runs is an improvement.

Perhaps the run of greatest interest is max-sibling which
was not submitted to TREC as it was processed post-submission.
Instead of summing the similarities of a document's siblings,
a proportion of the highest scoring sibling's similarity was
added to the document's score; for the run shown in Table
8, this proportion was 1/10th. Also, rather than using the
siblings of the top 500 documents, only the top 20 were used.
This led to an improvement of 2.0% in average precision over
the base content-only run. Whilst far from signi�cant, it was
gratifying to improve upon the content-only run after many
unsuccessful attempts. The improvement gained from the
inclusion of linking informaton in the max-siblings run was
similar to the greatest increases observed by any of the par-
ticipating groups. An improvement was also observed on the



Run Precision Precision Precision Precision Average
Identi�cation @5 docs @10 docs @20 docs @100 docs Precision % �

Content-only
mds08w1 0.4480 0.4480 0.3860 0.1994 0.3220 0.0
Content-and-link
mds08w2 0.4000 0.3860 0.3330 0.1894 0.2878 -10.6%
mds08w3 0.4440 0.4120 0.3590 0.2010 0.3047 -5.4%
max-sibling 0.4680 0.4360 0.3830 0.2030 0.3284 +2.0%

Table 8: The results for the small webtrack runs using the 50 TREC 8 topics, each webtrack topic used the title and description
components of the query.

training data, suggesting that this approach is a preferable
mechanism for the combination of this type of evidence.

4 Interactive Retrieval Track

4.1 Introduction

In TREC7, we tested using clustering technology to organize
retrieved documents for aspectual retrieval, but did not �nd
a signi�cant gain for the clustering interface over a ranked
list interface. This year, we investigated a question-driven
categorization. Unlike the clustering approach, which was
data-driven and attempted to discover and present topic rela-
tionships that existed in a set of retrieved documents without
taking users into account, the question-driven approach tries
to organize retrieved documents in a way that is close to the
users' mental representation of the expected answer. In our
approach, the retrieved documents are categorized dynami-
cally into a set of categories derived from the user's question.
The user determines which of several possible sets of cate-
gories should be used to organize retrieved documents.

Our participation in TREC-8 was to investigate and com-
pare the e�ectiveness and usability of this question-driven
classi�cation with a ranked list model. In the following sec-
tions we present a rationale for the question-driven approach,
and then describe an experiment that compares this approach
with a more traditional ranked list presentation. We then re-
port and analyze the results of this experiment. Based on
these �ndings and discussions, we conclude with some recom-
mendations for future improvement.

4.2 A Question-driven Approach

The nature of information needs is variable. A user may need
to �nd speci�c facts, to learn about a topic, to gather a va-
riety of information, or may simply wish to explore an in-
formation set without having a well de�ned-goal [1, 15]. It
is di�cult for an information access tool to satisfy all types
of information needs with equal e�ectiveness. Our question
driven approach mainly focuses on information needs that in-
volve seeking speci�c facts about a topic. In particular, we
are considering aspect queries: topics whose answer consists
of more than one related piece of information. For example,
the question \what non-surgical alternatives exist for treat-
ing heart disease?" might have diet, exercise, meditation, and
drug programs as di�erent aspects of the answer.

When a user seeks speci�c facts, they are usually able to
describe the type of information they are after. Consider a
user who wants to know \what countries had ferry sinking
that caused 100 or more people to lose their lives?"; the an-
swer sought consists of the names of those countries that meet
the stated criteria. Thus, this user will be actively focused on

Figure 1: A Question-driven approach



searching for names of countries from retrieved documents. If
the retrieved documents can be categorized by country name,
this task is simpli�ed, allowing the set of retrieved documents
to be more easily analyzed.

The semantic relationship between the categories (in our
example, the names of countries) and the query term from
which they are derived (in our example, \country") is that
of hyponym to hypernym [5]. For instance, Australia is a
hyponym of country, and country is a hypernym of Australia.

An architecture for a system that categorizes retrieved
document using question-driven classi�cation is shown in Fig-
ure 1. This system contains three signi�cant new stages: a
category generation stage, a category selection stage, and a
document classi�cation and ordering stage.

Category generation. The category generator extracts
keywords from each query, and uses WordNet[5] to identify a
set of hyponyms for each keyword. These hyponym sets form
the basis for candidate category sets. We do not attempt to
distinguish between alternate senses when identifying sets of
hyponym.

Category selection. For a given query, there may be
multiple ways of classifying the set of retrieved documents.
Automatically determining the appropriate classi�cation axis
is in itself a di�cult procedure. Rather than attempting to
divine users' intention, we let the user select the categoriza-
tion appropriate for organizing the retrieved documents. In
our implemented system, a window (shown in Figure 2) shows
users the extracted keywords and their associated categories;
users can consider the alternative classi�cations before select-
ing the most appropriate.

Figure 2: Interface for selecting an appropriate categorization

Classi�cation & ordering. The retrieved documents

are then matched against the selected set of categories. Clas-
si�cation is based on ranking the set of retrieved documents
by their similarity to the terms describing each category; in
our initial implementation, each category is restricted to the
ten highest-ranked documents for that category. Documents
may belong to more than one category; those that do not
match any speci�c category are allocated to a category of
miscellaneous documents. Within each category, the docu-
ments are ordered according to their similarity to the original
query. Overall, categories are ranked by the similarity of their
�rst-ranked document to the query.

After the search results have been categorized and ranked,
they are presented to a user as shown in Figure 3. The inter-
face is divided into halves. In the left half, the upper frame
shows the document categories. Each category is expandable
and collapsible; in Figure 3 the �rst category is shown col-
lapsed, and the second expanded. The middle frame shows
the already discovered aspects, along with the saved docu-
ments relevant to each aspect. A button in the bottom frame
enables users to add new categories into which documents
may be classi�ed. When any document is selected from the
upper-left or middle-left frame, its content is shown in the
right half of the window. Any terms that match the cur-
rently expanded category are highlighted in red; terms that
match the descriptions of other categories are highlighted in
blue. This highlighting is intended to help users more easily
locate potential answers from within what may be lengthy
documents. When the user �nds information relevant to an
aspect of the topic in a document, they can click on \Save
Instances" button. This causes a pop-up window to appear
in which the user can note the aspects to which the docu-
ment is relevant. The discovered aspects and their associated
document are then added to the middle-left frame. Whereas
the upper-left frame helps the user to search for information
that can contribute to their answer, the information in the
middle-left frame helps the user synthesize their answer.

4.3 Experimental Setup

Goal. An experiment was conducted to evaluate the use-
fulness of question-driven classi�cation. The experiment was
intended to investigate, for a fact �nding task using aspect
queries, the ability of user directed, dynamic categorization
of retrieved documents to:

� help users �nd more aspects relevant to their question;

� enhance user satisfaction.

A system using a ranked list interface was used as a con-
trol.

Interfaces. The question-driven classi�cation interface is
shown in Figure 3. The ranked list interface is shown in Fig-
ure 4. As the experiment was focused on comparing alterna-
tive organizations of retrieved documents, the two interfaces
were kept as consistent as possible, where appropriate. The
interfaces varied in three ways. One, the classi�cation-based
interface contained a list of expandable categories of retrieved
documents in the upper-left frame, whereas the ranked list in-
terface contained a simple ranked list of retrieved documents.
Two, the classi�cation-based interface allowed users to inter-
actively add additional categories. Three, no term highlight-
ing was used when displaying documents using the ranked list
interface.

Retrieval Engine. The MG[16] search engine with an
implementation of passage based retrieval and a variant of the



Figure 3: The interface for categorization

Okapi similarity measure[6] were used as a retrieval mecha-
nism. Those 300 top ranked documents for each topic were
then available for display as a list or via categorization. Our
previous experiments on TREC-7 aspect topics showed that
the top 300 documents on average contained almost 90% of
available topic aspects.

Experimental design and procedure. Twenty four
subjects undertook the experiment, according to the Latin
Square arrangement stipulated by the TREC-8 Interactive
Track guidelines. All subjects were either undergraduate or
master student from the department of computer science,
RMIT, recruited via an internal RMIT newsgroup. All sub-
jects are male, had an average age of 23, 3 years on line search
experience, and average FA-1 (Controlled Associations) score
of 28.6 and VZ-1 (paper folding) score 15. None of the sub-
jects had previously participated in any TREC experiment.

When subjects arrived at the experiment site, they �rst
�lled in a pre-search questionnaire and completing two psy-
chometric tests: FA-1 and VZ-1. Subjects were then given
a quick demonstration of the main functions of each inter-
face. During the experiment, prior to using a system for the
�rst time, subjects attempted an example topic to familiarize
themselves with its interface; they were free to ask questions
about the interface at this point. Each subject was required
to �ll in post-topic questionnaires after completing each topic,
post-system questionnaires after completing their three allo-
cated topics on each system, and an exit questionnaire at
the conclusion of the experiment. Subjects were permitted

Figure 4: The interface for ranked list

up to twenty minutes to complete each topic; at the twenty
minute mark they were informed that the time allocated had
expired and were directed to complete their current action,
complete the appropriate questionnaire, and move on to the
next topic. However, all actions time-stamped outside the
allocated twenty minutes were discarded for evaluation pur-
poses. During each search session, every \signi�cant" event
such as a user selecting a classi�cation scheme, a category, a
document, an interface button, or entering text - was auto-
matically logged and time-stamped. Participants were aware
only the di�erences between the two interfaces; they were not
informed which interface was the control system and which
was the experimental system.

4.4 Results and Discussion

E�ectiveness

In the interactive track, system performance is mainly mea-
sured in terms of aspectual precision and aspectual recall,
where the aspectual judgements is made by independent as-
sessors. The assessors' judgement was taken as an objective
assessment of the quality of the documents that were chosen
for viewing. Given that users are involved, aspectual judge-
ment can also made by users (when they select/save an as-
pect). The subjects' judgement reects their subjective con-
ception of document's relevance to the topic in terms of their
own understanding of the information need. We intend to
compare the performance of two interfaces using both sub-
jects' and assessors' judgements.



Subjects' judgement. We started our initial evaluation
based on the number of aspects saved by subjects. Here, the
relevance of the aspects was solely determined by each indi-
vidual subject. Table 10 shows the average number (mean)
of saved aspects for each topic.

408 414 428 431 438 446 Average
L 8.5 6.6 8.3 8.9 13 7.6 8.8
C 10.1 7.3 8.8 11.3 11.6 6.7 9.3

Table 10: The average number of saved aspects for each topic
in Subjects' view (L: ranked list interface; C: classi�cation-
based interface)

Table 10 shows that, overall, subjects saved more aspects
by using the classi�cation-based interface than the list inter-
face. The mean number of saved aspects is 9.3 (SD = 5:2) for
the classi�cation-based interface, and 8.8(SD = 4:1) for the
ranked list interface; this di�erence is not statistically signif-
icant.

Before the experiment, we anticipated that for the four
\country" topics (414, 428, 438, and 446), where instances
or aspects can be di�erentiated by country, a classi�cation-
based interface would work better than a ranked list, as the
retrieved documents are exactly organized under possible as-
pects; for the other two \non-country" topics (408 and 431),
the performance of the classi�cation-based interface would be
uncertain, as the categorizations available to the users did not
match well with a reasonable division of the topics into as-
pects. Table 10 shows that, for four topics, more aspects were
saved using the classi�cation-based interface than the ranked
list interface. That the opposite occurred for topics 438 and
446 was unexpected.

Examination of the data and session log �les revealed that
the categories for topic 438 were not ranked correctly due to
a bug in the code (fortunately the other 5 topics were not
a�ected), as a result, the most relevant categories were not
ranked on the top. Therefore, we have excluded this topic
from any further evaluation.

We also noticed that �ve of the twelve subjects did not
choose \country" as the basis for classi�cation for the topic
446. It may be that some subjects had di�culty understand-
ing the information need represented by the topic.

There was no correlation between the results of FA-1 and
VZ-1 tests and the number of aspects saved by subjects.

Assessors' judgement. The distribution of the assessed
aspects for each topic in the pool of candidate documents is
shown in Table 11 and Table 12.

Two sets of lists were extracted from the experiment logs:
the ordered lists of documents whose full text was viewed
during each search, or the \read" lists; and the ordered lists
of documents from which subjects saved at least one aspect,
or the \saved" lists. Table 13 presents the average number
of documents read/saved from each system, and aspectual
precision and recall for each list under each system.

Table 13 shows that, on the average, subjects read more
documents using the classi�cation-based interface, but the
documents comprising the classi�cation-based interface read
list on average contained fewer aspects than those from the
list interface. Subjects saved approximately the same num-
ber of documents from the classi�cation-based interface, but
again, these sets of saved documents do not cover as many
aspects as those from the list interface, although the di�er-
ence on aspectual recall between these two interfaces is not

signi�cant.
We had expected that the classi�cation-based information

organization of the retrieved documents would do better be-
cause we believe this organisation is closer to users' expecta-
tion of the answer. We think the following issues could ex-
plain the reason why the classi�cation-based interface didn't
perform better than the list interface:

� For the country topics 414, 428 and 446, the average as-
pectual recall for the top 20 documents of the ranked list
is 0.516. To outperform the basic ranked list, the cate-
gorization approach would need to o�er the user a rea-
sonable viewing sequence with a higher recall. However,
the category ranking, as implemented, failed to provide
this. For example, consider the following strategy: if a
user were to view the highest ranked, previously unread
document from each of the �rst 20 ordered categories
in turn, the average aspectual recall for this list of 20
documents is only 0.509. If the user modi�ed this strat-
egy by skipping categories for which they had already
found relevant aspects (in a previously read document),
the average aspectual recall drops further to 0.458.

� Many documents appear in more than one category. For
topics 414, 428 and 446, each subject expanded 14.3
categories on average, whereas each subject read 18.7
documents on average, indicating that typically more
than one document was selected from each category.
But for many of the �rst 20 categories from each topic
(414: 6=20; 428: 9=20; 446: 0=20), the second ranked
documents in each category contributed no additional
aspects. This may indicate that while the classi�cation-
based interface is suitable for organizing answers and
for �nding speci�c aspects, it is not very e�ective for
the TREC-8 task of �nding non-repeated aspects.

Evaluation of the experiment based on the subjects' judge-
ment presents a clearly di�erent picture to evaluation based
on the assessors' judgement. This suggests that the subjects'
understanding of the sought-after aspects is slightly di�erent
from the assessors' view, or that the subjects did not fully
understand what was required for some topics. For example,
for Topic 428 (\What countries other than the US and China
have or have had a declining birth rate"), there is confusion
over what is a region of a country what is a country. Some
subjects saved documents that discussed regions with declin-
ing birth rates within countries, but that did not necessarily
imply that the country as a whole had a declining birth rate.
Some subjects also saved documents that predicted that par-
ticular countries would in the future have a declining birth
rate. Topic 446 (\In what countries have tourists been sub-
jects to acts of violence causing bodily harm or death") is
another example. Some subjects saved documents that men-
tioned countries in which attacks on tourists had occurred but
which were judged not relevant (no aspects present) by the
assessors because the documents did not explicitly indicate
that bodily harm or death had in fact occured. To reduce the
judgement mismatch between subjects and assessors, more
detailed or speci�c description of instances may be needed.

Subject satisfaction

User satisfaction is also an important measure of human-
computer interfaces. A user-satisfaction questionnaire, adapted
from [4], was used to assess each user's satisfaction with the



Number of documents
Topic 5 10 15 20 50 100 150 200 300
408 0.250 0.292 0.333 0.375 0.542 0.750 0.750 0.750 0.792
414 0.667 0.833 0.833 1.000 1.000 1.000 1.000 1.000 1.000
428 0.192 0.308 0.346 0.423 0.538 0.731 0.769 0.808 0.846
431 0.325 0.450 0.500 0.500 0.750 0.975 1.000 1.000 1.000
446 0.125 0.125 0.125 0.125 0.250 0.438 0.438 0.438 0.438
AV: 0.312 0.402 0.428 0.485 0.616 0.779 0.791 0.799 0.815

Table 11: Aspectual recall for the candidate document pool of the 300 highest-ranked documents

408 414 428 431 446
Total aspects in all documents 24 12 26 40 16
Total documents containing aspects 71 16 40 67 58
Aspects in candidate documents 19 12 22 40 7
Candidate documents containing aspects 56 16 30 66 21

Table 12: Aspect coverage for each topic, as judged by the NIST assessors.

two interfaces. The questionnaire focused on subjects' satis-
faction with the presentation format, the delivered data, an
interface's ease-of-use, and the time available for the topics.
Members of one group of 12 subjects were required to �ll
in this questionnaire after completing each session of three
topics with an interface. Subjects were asked to respond to
the questions using a �ve point Likert-type scale, where 1 =
almost never; 2 = some of the time; 3 = about half of the
time; 4 = most of the time; and 5 = almost always.

Figure 5: The results from subjects' satisfaction questionnaire
(Q1: Too much information, Q2: Precise instances, Q3: Suf-
�cient instances, Q4: Enough search time, Q5: Easy to use,
Q6: User friendly, Q7: Clear organization, Q8: Useful format,
Q9: Organization what is needed, Q10: Satisfaction with the
interface.)

The results from the questionnaires are shown in Figure 5.
The X-axis shows the questions asked, and the Y-axis the
mean score for each question. Q1- Q3 shows subjects' sat-
isfaction with the displayed contents; Q3 the time available;
Q5-Q6 the ease of use; Q7-Q9 the way the data was orga-
nized; and Q10 overall satisfaction with the interface. Note
that for Q1, a lower score indicates greater satisfaction. From
Figure 5 we can see that, for all questions, the satisfaction
scores for the classi�cation-based interface are higher than the
ranked list interface. This di�erence is statistically signi�cant
(p < 0:001, paired, one tail t- test).

Figure 5 also suggests that the organization of retrieved

data may inuence the subjects' perception of it. Although
both interfaces o�ered the same amount of information, al-
beit di�erently organized, subjects nonetheless felt that the
ranked list interface showed too much information, and felt
able to �nd neither enough information nor su�ciently pre-
cise information to answer the topics. Given that subjects
saved approximately the same number of facts with each in-
terface, this indicates a strong discrepancy between subjects'
preferences and their performance.

Although most comments from the post-experiment ques-
tionnaire regarding the classi�cation-based interface were pos-
itive, o�ering suggestions for further improvement, some neg-
ative ones were made. Subjects wanted the set of categories
to be derived from more than one keyword for some topics;
for example, topic 408 includes the phrase \tropical storm"
which is a more logical basis for categorization than either
\tropical" or \storm" in the context of the topic. Subjects
also disliked only having one chance to select the classi�ca-
tion axis; when subjects later decided they had made the
wrong choice, there was no mechanism for them to undo that
decision. We had recognized that such a mechanism would
be a desirable feature beforehand, but chose not to include
it in this preliminary experiment in order to focus on eval-
uating dynamic classi�cation. Our main object has been to
determine whether a classi�cation-based interface can help
the subject to �nd more facts, under the assumption that a
subject can select a right set of categories. This assumption
may not have been a valid one, as previously noted.

Another problem observed was that some classi�cations
resulted in too many categories being created (over 500 in
one case). This could be addressed by imposing a maximum
for the number of categories that may be formed; an appro-
priate value for this threshold would need to be determined.
An alternative is to use some form of hierarchical or grouped
super-categorization.

A general problem we experienced is the shortcomings of
using WordNet as the source for hyponyms. Not surprisingly,
WordNet was not always able to supply hyponyms appropri-
ate to the context of the topics. Additionally, the issue of
sense-selection applies here, as in all natural-language depen-
dent systems.



Read List Saved List
category list category list

Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Documents read/saved 18.7(10.5) 16.0(7.2) 6.35(4.06) 6.30(2.6)
Aspectual Precision 0.44(0.26) 0.52(0.26) 0.72(0.26) 0.75(0.24)
t-test < 0:04 ( sig.) < 0:26 ( not sig.)
Aspectual Recall 0.36(0.23) 0.41(0.20) 0.29(0.21) 0.32(0.19)
t-test < 0:08 ( not sig.) < 0:19 ( not sig.)

Table 13: Comparison of performance between category and list - for �ve topics

4.5 Conclusion

We evaluated our preliminary hyperthesis of organizing re-
trieved documents according to the intentions behind a ques-
tion. We are glad to see that subjects are signi�cantly more
satis�ed with the classi�cation based interface. Although our
current experiment result did not show a signi�cant bene�t in
terms of aspectual recall by using classi�cation based inter-
face, we still believe it has a potential and could be improved.
The further improvements may include:

� Utilizing both the phrases and the single words as the
basis for classi�cation.

� Allowing users to select more than one term or phrase
as the basis for classi�cation.

� Allowing users to remove or modify individual cate-
gories; this may provide a user-driven way around prob-
lems of sense-selection.

� Providing a better description of each potential classi�-
cation and how it was derived.

� Developing a better ranking for categories.

5 Spoken Document Retrieval Track

Two runs were submitted for this year's Quasi-SDR runs. The
word-based documents were �rst translated to phonemes us-
ing a text-to-phoneme algorithm. We assumed that there is
a certain level of word recognition error for each type of tran-
scription. Given this, we utilised a passage retrieval technique
to perform the retrieval.

5.1 Text-to-phoneme Algorithm

The words were translated to phoneme using a modi�ed ver-
sion of the text-to-speech translation algorithm given by Car-
ney [2]. The original algorithm was modi�ed to produce
American pronounciation as close as possible to those given
by CMU [3]. The advantage of this approach is the implicit
handling of unknown words. This will not be a problem if
there is a translation dictionary containing all the words in
the collection. As a test, the reference and baseline transcrip-
tions were translated to phonemes using the CMU pronoun-
ciation dictionary [3]. There were approximately 18,000 and
300 unknown words in the reference and baseline transcrip-
tions respectively. The reference collection has approximately
34,500 unique words while the baseline collection has about
19,000 unique words. This may mean that a lot of unknown
words were not being recognised by the automatic recognition
system. A problem of this algorithmic approach is the incon-
sistencies in the generation of some of the pronounciations.

Len 1 2 3 4 5 6
# of Words 11 32 45 51 55 46
Len 7 8 9 10 11 12
# of Words 5 28 16 12 4 4

Table 14: Distribution of unique query words for di�erent
phoneme lengths.

5.2 Matching Algorithm

The algorithm described here is based around the notion of
a passage for each indexing feature, whether that feature is a
word or a sequence of phonemes. In this instance, a passage
is de�ned for a query term which is a sequence of phonemes
translated from a query word. Potential passages are found
within each document for each query term by way of approx-
imate matching. Later, the retrieved passages for each query
term is weighted according to tf:idf scores and combined for
each document before similarity scores are calculated.

The following subsections describe each individual compo-
nents.

Window Size

The window size determines the error margin allowed for the
transcriptions. If the word error rate (or WER) of a recogniser
is small, then it is possible to have a small window and yet �nd
all the phoneme sequences with a high degree of match. For
higher WER, a larger window may be required to �nd all the
phoneme sequences describing the required word, although
this may lead to higher false matches.

From the translation of the query words to phoneme se-
quences, we found that phoneme sequences range from 1
phoneme to 12 phonemes (See Table 14 for further details).
Most words were between 4 to 6 phonemes long. Here, the as-
sumption made is that query terms of medium length required
a larger error margin than longer query terms.

For each term in the query, we have to determine a suit-
able window size (or passage length) for matching documents.
If the number of phonemes in the query term is less than 8,
length of the matching window is set to number of phonemes
times 1.5. For query terms with more than 8 phonemes, win-
dow size is set to number of phonemes plus 4.

Given that short query terms are likely to have many
matches, both false and correct ones, those that are shorter
than three phonemes are discarded and not used in the match-
ing and ranking processes. This acts as a form of stopping.

Phoneme-based Matching

The scores for matching sequences for each query term is cal-
culated. First, the size of a passage is determined by the win-



dow size described previously. Therefore for each passage, its
size is a constant for that particular query term or phoneme
sequences. At this stage, we need to maximise the score for
the longer sequences matched. Then the score is penalised if
the sequences matched in the passages are not in-order.

Passages in documents are scored as follows. Locate all
possible exact phoneme matches between a query term t
and passage p. Sort them according to the longest sequence
matched in decreasing order. Using the longest sequence as a
starting point, determine as many phoneme sequence matches
for each passage as possible. The passage score is the sum of
square of non-overlapping phoneme matching sequences:

Score1(p; t) =
X
m2M

[len(m)]2 (11)

whereM is a set of phoneme sequence matches found between
t and p. len(m) is the length of m expressed in the number
of phonemes. By taking the len(m)2, we will always favour
the longest sequence matched in any passage.

Equation 11 does not make a distinction between passages
that have phoneme sequences in the same order as in the
query term from those passages that are not. For example,
the query HAIR has the phoneme sequence \HH EY R", while
GREYHOUND is translated as \G R EY HH AW N D ". The
false matching of \HH" and \EY" in GREYHOUNDwill have
the same score as other words containing the same sequence
in the right order. As a result, we attempt to \penalise"
those passages where disjoint phoneme sequence matches do
not have the same order as in the query term. We devised a
simple heuristic that attempts to �nd all matching sequences
in passages that are not in order and use their sum as the
factor to penalise the passage score:

Penalty(p; t) =
X

um2UM

[len(t)� len(um)]

where UM is a set of phoneme sequence matches between t
and p that are found to be out of order with respect to t.
Therefore the re�ned passage score becomes:

Score2(p; t) = Score1(p; t)� Penalty(p; t) (12)

We note that other, possibly better techniques, could be used
to distinguish such passages. This is an ongoing work for this
approach.

A �nal modi�cation to Score2(p; t) is required so passages
selected for individual query terms can be combined in order
to arrive at the overall score of documents. Passage scores
are normalised with respect to the number of phonemes in
the query term:

Score3(p; t) = Score2(p; t)=len(t) (13)

This also ensures that short query sequences aren't penalised
too heavily although longer sequences are usually found with
higher accuracy. At the end of the matching, we output 1000
best passages with the highest score (that is, Score3(p; t)).
Note that this scoring mechanism permits multiple passages
to be matched within a document.

Individual Term-passages Weighing

Selecting passages is not much use if documents need to be
ranked. The process described in the previous section could
be thought of as a means of word-spotting. The aim here

however, is to rank documents. Therefore, taking the ap-
proximate word matches as produced in the previous section,
we attempt to weigh them in documents.

The idea is to assume that passages with high scores are
likely to correspond to the \true" word matches in the docu-
ments. By \true" we mean that the actual word appears in
the document but was possibly misrecognised.

Passage scores, as computed above, can be considered
as an indicator of approximate word matches in documents.
Therefore, passage scores are used to accumulate in-document
frequencies for query terms as follows:

fd;t =
X
p2P

Score3(p; t)

Scoremax(t)

where P is the set of passages matching the query term t in
document d. Passage scores are normalised with respect to the
maximum score for the query term t (Scoremax(t)). Passages
with low scores are discarded because they are likely to be
false matches.

Similarly, while computing fd;t, we estimate document fre-
quency for query term t (ft) as the number of documents in
which fd;t is higher than zero. (Note: this may be undesir-
able because the query terms will not be discriminated well
because most of them will have high ft values.)

Given the weights of query terms in documents, a �nal step
is to compute the similarity score of query q to document d.
This can be done by using standard tf.idf weighting [10] or
more modern weighting approach such as Okapi that we have
described in Section 1.2 (see Equation 1). (Note that in our
case the matches of query terms in documents are not exact
due to our approximate matching algorithm.)

Results

The retrieval e�ectiveness of our o�cial run (mds-base) is
low. This is due to mainly two reasons. First, term weights
in documents were computed using the standard tf.idf formu-
lation [10], and no document length normalisation was used.
In our post-TREC runs we added Okapi measure with docu-
ment length normalisation as an alternative to tf.idf weight-
ing. The o�cial run that used the base transcription (BASE)
is marked as mds-base in Table 15. In addition there is mds-
ref run which used identical approach to mds-base except the
collection was a manual transcription (REF).

Besides standard tf.idf weighting there is room to improve
in the way document frequencies are estimated and the doc-
ument length component be used in computing similarities
for documents. Our basic approach estimates document fre-
quencies for terms (or ft) by assuming that if there is at least
one \partial" match of the query term in document, this docu-
ment is counted (that is when Score3(p; t) is greater than zero
for passage p in a document). It turns out that most query
terms end up with high ft values because of the approximate
matches on documents. The skewed distribution of ft towards
high values leads to poor discrimination of terms when simi-
larities between documents and queries are computed [10].

There is no obvious way of de�ning document frequencies
in the context of phoneme based retrieval because there is no
notion of words in documents. However, we de�ne an up-
per bound for retrieval using the basic window-based ranking
as described earlier by extracting document frequencies from
REF collection. (Note that in real situation this information
would not be available.) The retrieval e�ectiveness for this
run is marked as ftREF in Table 15.



Run p@5 p@30 AvgP AvgP(Revised) Recall
Text-based runs (REF collection)
q-unstopped 0.5320 0.2947 0.3857 - 1518
q-stopped 0.5200 0.2953 0.3781 - 1558
Text-based runs (BASE collection)
q-unstopped 0.5000 0.2740 0.3197 - 1381
q-stopped 0.4880 0.2747 0.3169 - 1464
REF (manual) converted to phonemes
mds-ref 0.2920 0.1647 0.1740 0.1775 1398
Base (word-recogniser) converted to phonemes
mds-base 0.2320 0.1293 0.1323 0.1350 1251
ftREF 0.3680 0.2107 0.2119 - 1305
ftREF ,WdREF 0.4040 0.2173 0.2445 - 1275
ftWSJ ,WdREF 0.3960 0.2280 0.2752 - 1347
ftTREC ,WdREF 0.3880 0.2340 0.2811 - 1349

Table 15: Retrieval results for reference and baseline transcripts using Cosine-based weighting.

An alternative for approximating document frequencies is
to use an auxiliary collection which is not related to the speech
collection. In this experiments we used WSJ data from disk
1 and 2 of TREC and TREC-7 (also used in TREC-8). The
retrieval e�ectiveness for this run is marked as ftWSJ and
ftTREC in Table 15 respectively.

Another shortcoming of our o�cial run is that there was
no document length normalisation; longer documents are ex-
pected to be favoured because they are more likely to have
more matches of query terms than shorter documents. How-
ever, there is no clear way of incorporating document length
(or Wd for document d) that is expressed in terms of phones
into the standard vector space model. Under super�cial
circumstances we assume that we have access to document
lengths as produced by REF collection. These are used in
conjunction with ftREF and is shown as WdREF in Table 15.

As it can be seen, both document frequencies and docu-
ment lengths improve e�ectiveness.

Table 16 illustrates our results using Okapi-based weight-
ings. Here, the number of phonemes were used to determine
the the document lengthWdphn instead of the estimated doc-
ument lengths in terms of words as used in the Cosine-based
weighting. Table 17 gives use the results for the base tran-
scriptions in phonemes where the queries were stopped prior
to being translated to phoneme sequences. At this moment,
we are unable to draw any conclusions from these results.

We also try to eliminate passages that had at least one
matching sequence that is not in order of the query term.
This is marked as \ftREF ,Wdphn,force order" and had no
impact on retrieval. However, this might not be right if a good
sequence happens to align with another sequence matching by
chance in the right order. Such possible good passages would
not be discounted in this case.

5.3 Conclusion for Quasi-SDR

This year we attempted a passage-based technique to perform
retrieval using phoneme sequences. Documents and queries
were �rst translated to phonemes using a rule-based text-to-
speech algorithm. A passage was created for each query term
and approximate matches were computed within each docu-
ment. These passages were combined using either cosine or
Okapi-based weighting scores for each document before simi-
larity was computed for each query.

Table 15 illustrates an important point. Although the
phoneme based retrieval of speech documents using word-

based transcripts is not as e�ective as when words are used,
the approach is more general than text-based retrieval. Re-
trieval of word-based transcripts is e�ective as long as two con-
ditions are met: word recognition accuracy is high and a single
language is used. For noisy word-based speech recognition,
accuracy can be as low as 40%. On the other hand, phoneme
based retrieval using ngrams and approximate matching works
well under good conditions in comparison to word-based ap-
proach but will be superior in cases when poor recognition
in which our data is not a good representation. Approximate
matching methods like Wechsler [14] and Ng [8] are similar
to this technique but di�erent because recognition informa-
tion like confusion matrices are required to determine the
approximate matches. Note however, that recent attempts to
recover from poor transcripts from a word-based recogniser
was shown to be e�ective [12].

More analysis and experimentations are required to fur-
ther test the assumptions made and to improve on our ap-
proximate matching strategies. Variables to investigate in-
clude determining an optimal window size, calculating the
scores in the approximate matching process and the weight-
ing algorithms for similarity computations.
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