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ABSTRACT
This paper describes a continuous-mixture statistical
model for word occurrence frequencies in documents, and
the application of that model to the DARPA-sponsored
TDT topic identification tasks [1]. This model was origi-
nally proposed in 1990 by L. Gillick [2] as a means to ac-
count for variation in word frequencies across documents
more accurately than the binomial model. The present
paper presents further mathematical development of the
model, leading to the implementation of a topic-tracking
system. Performance results for this system on the Track-
ing Task in the December 1998 DARPA TDT Evaluation
will be shown and compared with Dragon’s existing, more
complex multinomial-model-based system. (Results from
other systems applied to this task are available in [3].) We
will conclude with plans for further development.

1. INTRODUCTION
Previous work at Dragon Systems on topic identification
tasks has consistently followed a theme of defining docu-
ment similarity using statistical measures [2, 4, 5, 6, 7, 8].
To elaborate, for a given document collection we construct
a statistical model for the frequencies with which words
(or other features, such as bigrams) occur in documents
drawn from that collection. For example, we construct
a model for the set of documents which are considered
to be relevant to a particular topic, or we construct one
for the entire space of possible documents (background).
The method of construction which we have generally em-
ployed is to fit a parametric distribution to a (hopefully)
representative sample of documents from the target set. In
the cases just mentioned, we would fit parameters for a
selection of known on-topic documents to prepare a topic
model, or fit parameters for the entire available corpus to
produce the background model. Once this is done, deci-
sion criteria for assessing relevance of a given document
are formulated by using standard statistical tests, usually
involving probability ratios.

This approach provides the potential to develop the two
central mathematical elements in information retrieval,

the term-weighting function and the document similarity
measure, from a single theoretical basis. This basis is an
optimization problem expressed directly in terms of the
likelihood of success of the decision procedure applied to
the target task. It leads to a similarity measure which has
the appropriate term-weighting function automatically in-
cluded. The two form a single, unified expression.

The statistical formulation has a long history in the infor-
mation retrieval field. An often-cited paper on this subject
is by Robertson and Spark Jones in 1976 [9], but work
more relevant to the line of discussion in the present pa-
per is by Harter in 1975 [10]. However, it appears to the
present author that other,ad hoc, term weights and simi-
larity measures are currently in favor in the IR community.
If this is so, one is led to ask the question of why an ap-
proach with a more complete theoretical underpinning has
so far been unable to demonstrate superior performance.
One reason that this may have occurred is that the underly-
ing statistical models chosen so far by researchers in this
area do not faithfully represent the actual way in which
words are distributed across documents. It may be that
the ad hocformulations are, in fact, empirically-derived
approximations to the right model (or, at least, a more cor-
rect model). Consequently, these formulations produce
better results than more theoretically-motivated methods
based on the wrong model.

In Dragon’s own work we have generally used themulti-
nomial modelin which, for a given source, every word
w is characterized by ageneration probability, pw, and
every document from this source is assumed to be cre-
ated by a sequence of independent random draws from
this distribution. (If there is only one word of interest, this
model is called thebinomial.) Though used effectively for
language modeling and even for topic classification, this
model may poorly predict the frequency distribution of a
word across a collection of documents, as is exhibited in
the dash-dot curve on the left of Figure 1. The example
shown is fairly typical. This poor fit between data and
model may contribute to the need for corrective measures
such as excluding from analysis some vocabulary words
(stop lists), or applying normalizations that are not moti-
vated by statistical reasoning. The solid curve in Figure 1,
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Figure 1: Observed counts and model predictions for the
word “her” in 719 documents of length 900–1100 words.

which is a much better fit to the data, is a plot of the Beta-
Binomial distribution which is the subject of this paper.

In 1990, L. Gillick proposed a model [2] in which the
word generation probabilityp for a wordw varies across
documents, even when they arise from the same source. In
this case, the source must be characterized, not by a sin-
gle valuepw, but instead by a probability density over the
allowable values ofp. Working with one vocabulary word
w at a time, the probability for observingn occurrences
in a document of sizes is a weighted mixture of binomial
probabilitiesP Bin(n j s; p ):

~P ( n j s; �w; �w ) =Z 1

0

dp P Bin( n j s; p ) P Beta( p j �w; �w ) (1)

The mixture weight for a given value ofpwas chosen to be
the well-known Beta densityP Beta( p j�w; �w ). ([12],
pp. 592ff.) It was chosen because it is flexible enough to
exhibit a variety of shapes, and yet permits the integral (1)
to be evaluated in closed form:

~P ( n j s; �w; �w) =
�
s
n

�
(�w)n (�w)s�n
(�w + �w)s

(2)
The symbol(x)m is the ascending product

(x)m =

m�1Y
j=0

(x+ j) = �(x+m)=�(x) (3)

Mixture models have also been explored by Harter [10]
who used a 2-component mixture of Poisson distributions
instead of binomials, and by Burrell [11] using a continu-
ous Gamma-Poisson mixture for which the mixture inte-
gral can also be evaluated in closed form.

A non-parametric approach to account for document vari-
ability within a source through the use of mixtures was
used by Peskin and Gillick [5, 6, 7], in which the method
was used to improve the reliability of keyword selection
for use in a multinomial model.

2. PROPERTIES OF THE MODEL
During the course of the research which is described in the
current paper, it became apparent that a more convenient
pair of parameters than the standard� and� are

� =
�

�+ �
� =

1

�+ �
(4)

� is the expected value forp drawn from the distribution
P Beta( p j�; � ), and so serves as a characteristic value
for the generation probability.� was chosen because the
limit �; � ! 1 is useful; in this limit, the mixture prob-
ability approaches the binomial probability. Adopting the
transformation (4), we can represent the mixture proba-
bility as P (n j s; �; � ) = ~P (n j s; �; � ) and note that
P (n j s; �; 0) = P Bin(n j s; �).

The value of� is related to the variance of the generation
probability through the formula

Var Beta( p j �; � ) = � (1� �)
�

1 + �
(5)

Consequently, for small values of� and � the standard
deviation ofp is approximately equal to

p
� �.

It is also not hard to calculate the expected value and vari-
ance for the mixture output distribution of equation (1):

E(njs; �; �) = s� (6)

Var(njs; �; �) = s�(1� �)

�
1 +

(s� 1)�

(1 + �)

�
(7)

The main conceptual points to take from these relations
is that the parameter� is the expected value forn=s, and
that the variance of theP (njs; �; �) increases with�.

3. ESTIMATING � AND �

For estimating a model for a given vocabulary wordw
from training data, a collection ofK documents consists
simply of a vector of document lengthss = fs1; : : : ; sKg
and a vector of counts forw in those documentsnw =
fn1w; : : : ; nKwg. Then we use the Maximum Likelihood
Estimate (MLE) to determinepreliminary estimates for
the parameters�w and�w:

(�̂w; �̂w) = argmax
0���1;��0

flogP (nwjs; �; �)g (8)

The probability of the document set can be calculated
from the probabilities (1) for the individual documents
(using the change of parameters given by equation (4)):

logP (nwjs; �; �) =
KX
k=1

logP (nkw jsk; �; �) (9)

The optimization problem (8) in two dimensions can be
solved numerically through fairly standard techniques.



4. APPLICATION TO TRACKING
In the baseline TDT2 Tracking task, a system is presented
with a numberNt = 4 of topic training stories which
are known to concern a given target topic. It must then
successively examine each of a set oftest stories, assign
a numerical relevance value, and also issue a “hard” on-
topic/off-topic decision. The TDT2 resource data was
collected from broadcast and print news sources in the
first half of 1998, and is partitioned into Training (Jan.–
Feb.), Development Test (Mar.–Apr.), and Evaluation Test
(May–June) sets.

A simple system was implemented using a fixed vocab-
ulary V of sizeNV = 62K words. There wasno pre-
defined “stop list” of words excluded from the computa-
tion. A modelMB = f(�B1 ; �B1 ); : : : ; (�BNV ; �

B
NV

)g
for background was calculated using the setD

B of sto-
ries designated “NEWS” in the TDT2 Training Set (about
15K stories). The sameMB is used for all topics. Then
for a topicT , a modelMT is constructed from theNt

topic training storiesDT . Next, a keyword listV T was
defined as the subset ofV consisting of words which ap-
pear in both the topic and background training sets, and
which satisfies:

P (DT j�Tw; �Tw)=P (DT j�Bw ; �Bw ) > tkey (10)

The thresholdtkey controls the number of keywords.

A documentd of sizes(d) with word countsn(d)w is evalu-
ated for relevance based on the following score, which is
the log product of the topic/background probability ratio
computed according to each of the keywords:

ST (d) =
X
w2V T

log

 
P (n

(d)
w j s(d); �Tw; �Tw)

P (n
(d)
w j s(d); �Bw ; �Bw )

!
(11)

ST is something like a log probability ratio, but it is not
exactly that, because it does not account for the interde-
pendence of the word counts. For example,ST would as-
sign probability to a collection of word countsn(d)w whose
sum exceeded the total document length. The system
makes an on-topic/off-topic decision by comparingST (d)
with a fixed thresholdton-topic. The tendency of the sys-
tem to favor miss errors over false alarm errors can be
adjusted by changington-topic.

5. ADJUSTED ESTIMATES FOR � , �
The initial experiments were less successful than hoped
when compared with other systems. Inspection of the data
revealed that there were many words for which�w = 0.
Two common situations were observed in which this oc-
curred: (a) A rare word may happen to occur no more
than once in any document; this is observed even in the
background data. (b) Since there were only 4 training
documents for each topic, any given keyword could eas-
ily exhibit low variability within this small subset just by

chance. In either of these cases, deviations from the ex-
pected value are severely penalized in the scoreST (d). In
case (a), the word appearing twice in the same document
is judged too surprising. In case (b), the score is too harsh
for a keyword that appears less often than expected.

The problem here is that the estimation procedure only
inspects the training data, and has no prior information
about the “reasonableness” of different values for�. Anal-
ysis to determine how best to incorporate this information
is underway, but has not been completed as of this writing.

In order to improve the tracking results, some simple ad-
justments were implemented that increased�w from its
MLE value. The detailed analysis will not be presented,
but the basic idea was to correct situation (a) by assuring
thatP (n = 2) is not too small, and to fix (b) by assuring
thatP (n = 0) is not too small. The expressions used for
these adjustments are

�̂0w =
��
Q=K+

w

�� �w
�2
=�w (12)

�̂00w = �2min�w (13)

� = maxf�̂w; �̂0w; �̂00wg (14)

K+
w is the number of documents in whichw occurs at least

once, andQ and�2min are adjustable parameters. Condi-
tions (12), (13) respectively address situations (a), (b).

6. TRACKING RESULTS
The system was tested on the TDT2 Development Test
(March-April 1998) data comprising a mixture of text and
automatically transcribed broadcast news sources. There
are 17 topics in the standard DARPA-defined task. Each
topic has 4 training stories. The number of test stories
that the system must examine varies from about 4000 to
about 17,000 for the different topics, and the number of
on-topic targets varies from 1 to 140. A curve mapping out
the trade-off between miss vs. false alarm probabilities is
created by varying the thresholdton-topic.

In Figure 2, three such curves are presented. Better perfor-
mance is indicated by a curve which is close to the lower
left-hand corner. The lowest (best) curve shows the per-
formance of the final system, in which the MLE estimates
�; � are adjusted by expressions (12)–(14). The values
Q = 0:001, �2min = 2, andloge tkey = 2 were used. The
middle curve shows the same system without those correc-
tions. The third, upper curve is for a system which uses
the Binomial model, but which is otherwise very similar
to the final system. (See [13] for a more precise compar-
ison.) It is clear that the Beta-Binomial model provides a
substantial improvement if the�; � parameter values are
estimated well, and that the corrections beyond the MLE
are important.

Since some system parameters were set based on experi-
ence with the Development Test Set, the final system was
run on fresh data, the TDT2 Evaluation Test Set. The solid
curve in Figure 3 shows the result. The other curve in that
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Figure 2: Tracking Results on Development Test Set.

figure is the result from Dragon’s other tracking system,
a more complex multinomial-based developed by Yamron
[14]. It should be kept in mind that this latter system is
much more mature, in that it includes a pre-defined stop
list, multiple background models, a smoothing algorithm
developed from years of ASR research, filtering of near-
topic data from the background, and unsupervised adapta-
tion during the tracking pass. It is encouraging, therefore,
that the Beta-Binomial system is able to perform better in
part of the experiment space, namely the low-false-alarm
regime.

7. CONCLUSION
It is clear from these experiments that the flexibility de-
rived from the Beta-Binomial Mixture Model can be used
to obtain superior performance versus a system of equiva-
lent complexity based on the Binomial Model. The cur-
rent simple implementation even outperforms, in some
respects, a more elaborate system based on the multino-
mial model. Furthermore, the high-false-alarm regime,
where the Beta-Binomial did not outperform the multi-
nomial, is precisely the region in which our experiments
have demonstrated the greatest potential for improvement
if the parameter estimation process is changed. Therefore,
we expect that a more principled precedure for incorporat-
ing prior expectations into the estimation of� and� can
lead to an overall superior system.

For the future, we note that features other than word
counts can be used equally well in this formulation. We
would like to try both adjacent and long-range n-grams.

The Beta-Binomial similarity measure can also be used
for automatic self-organization of documents into groups
(clustering). One problem that needs to be addressed for
this task is the large number of parameter estimations that
must be performed as documents are tentatively assigned
and then reassigned to the emerging clusters. We have re-
formulated the computation of the sum (9) and its deriva-
tives in a form that will aid this calculation, and will soon
be testing it on the TDT2 Detection task.
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Figure 3: Dragon Tracking Results for 1998 Evaluation.
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