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ABSTRACT

The paper deals with the problem of extracting topic information

from news show stories by statistical methods. It is shown that the
traditional topic-dependent n-gram language modeling approach
can be decomposed in order to apply neural networks for topic in-
dexing. Two specific problems in training of these networks are
addressed: a very sparse data distribution in the stories and the
superposition of different topics in a story. The first problem is
tackled by an integrated smoothing approach in the backpropaga-
tion method; an expansion of the neural network structure can be
used to cope with topic mixtures in stories. Due to the efficient
parameter sharing the application of neural networks resultsin a
small improvement in topic indexing performance on a small cor-
pus of broadcast news compared to the traditional topic-dependent
n-gram method.

1. INTRODUCTION

The automatic extraction of topic information from stories as they
appear e.g. in broadcast news shows is useful for information re-
trieval, categorization and adaptation of speech recognition sys-
tems. The common approaches for topic indexing make either use
of selecting keywords for each possible topic or they construct sta-
tistical models that describe the generation of stories probabilisti-
caly [5]. In this paper, the probabilistic approach is extended by
theincorporation of neural networksfor the approximation of topic
probabilities. The neural networks aretrained discriminatively and
and the number of trainable weight parameters can be adjusted to
the amount of training data.

When the task is to extract one single topic (out of a set of J
different topics) from a given story the selection of the most prob-
able topic yields the minimum expectation of false assignment. In
a Bayesian approach the conditional topic probability is decom-
posed as usual:

P(Story|Topic;)

P(Topic;|Story) = P(Topic;) - P(Story)

@

Suppose a corpus of stories with topic labelsis given; then a max-
imum likelihood model for the prior P(Topic;) that a story that
is related to the j-th topic occurs can be derived from the rela-
tive frequency counts of this topic. The structure of the model for
the conditional likelihood P(Story|Topic;) depends on the type
of elements that are used to represent the story. When the story
is given as a waveform of a spoken utterance a suitable represen-
tation can be formed by a sequence of acoustic feature vectors,
vector quantized discrete labels of these features, or by the se-
quence of (sub-)phonetic classes like the phonemes or the states
of an acoustic HMM [8]. Since the topic of a story isin genera
coded in the meaning of the words of the story the application of
speech recognition technology is a reasonable intermediate step to
generate word transcriptions[6]. If the story isgiven astext (either
obtained by a recognition system or given as a printed article) the
string of words or of the sentences form suitable elements.

In the following, we assume that a story is given as a string
W= (w,...,wr) of T items, athough the items w; are re-
ferred to as words they can be actualy any of the elements men-
tioned above. Then the conditional story likelihood can be written
as;

P(Story|Topicj) = P(W{|j) 2

1.1. Topic-dependent n-gram language models

A common way to describe the story probability in Eqgn. (2) is
the application of topic-dependent n-gram language modeling, that
assumes that a topic-dependent word probability only depends on

the sequence W,/ , ; of the previous n — 1 words. In this case,

Eqn. (2) isapproximated by the product of n-gram probabilities:

PWj) = [ PwdlWiZoi1, ) €)

t=1

In general, the estimation of a large number of reliable n-gram
probabilities suffers from the problem of sparse data and never oc-
curring events in the training corpus; this situation is even more
dramatic when n-grams have to be constructed for each of the .J
different topics. Smoothing methods like model interpolation are
a suitable means to avoid zero probabilities: in [8] n-gram topic
models are interpolated with topic models of smaller history de-
pendency; in [5] topic-dependent |anguage model s are interpol ated
with topic-independent models.

2. NEURAL NETWORKSFOR TOPIC
CLASSIFICATION

The topic-dependent n-gram probabilities that are multiplied in
Eqn. (3) can be decomposed by making use of Bayesrule into:

- . PGIWL,
P(wt|th771+1:J) = %
P(J|Wt_n+1)

Therightmost expression in Egn. (4) isthetraditional n-gram prob-
ability that isnot related to any topic. The nominator representsthe
probability that the j-th topic occurs given the history of the past
words (including the current word w;); the denominator depends
on the same history without the current word (i.e. n — 1 words).

According to Egn. (1) the index of the most probable topic can
be determined in this case by:

T
. P(jIWE i)
argmax { P(Topic;) - — )
J { ! t[[l P(J|th—$+1)

Neura networks (NN) are well known tools that can be used
to generate class probabilities for a given feature vector x [9]. If
the NN outputs are denoted by O;(x) (1 < j < J, for J differ-
ent pattern classes) and a suitable training criterion (mean squared
error, cross entropy) is optimized it can be shown that the outputs
approximate the class posterior probabilities O; (x) = P(j|x) [1].
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For topic indexing tasks two different NNs can be applied to
approximate the probabilities P(j|W{_, 1) and P(j|W/=, . ).
The first NN uses a suitable representation of the n-word se-
quence W{_, ., as network input, the second one uses the se-
quence W;_, . , . For training these NNs the targets are taken from
thetopic labeling of the training stories. A simpleway to represent
an-word sequence with the words taken from avocabulary of size
V istouseaV - n component binary feature vector with only n
bits nonzero; these bits indicate the index of each word in the se-
guence. Although thisforms avery large vector backpropagation's
gradient computation can still be performed fast because a large
number of features are zero, they do not influence the gradient.
The advantageous aspect of this NN approach for topic indexing is
the ability to scale the NN complexity with respect to the amount
of training data by adjusting the number of hidden nodes. Thus,
arobust way of probability parameter sharing can be incorporated
in the NN structure.

2.1. Unigram based neural networksfor topic classification

An additional common way to cope with the problem of limited
training data that can be applied to the proposed NN approach as
well as to traditional topic-dependent models is to reduce the n-
gram order down to n = 1 (i.e. aunigram). Here, the NN that
models the probabilities in the nominator of Eqgn. (5) makes use
of the single word w (e.g. represented by a V'-component binary
vector) as network input; the NN output approximates the topic
posterior probability given thisword, i.e. O; (w) = P(j|w).

In the unigram case, the denominator in Eqgn. (5) collapses into
P(3), i.e. the prior probability that aword occursin astory that is
related to the j-th topic. Given the NN model for P(j|w) the prior
probability can be obtained by averaging the probability over all
words that are contained in the stories of the training corpus.

PG = ) P(lw) P~z 0i(w) (8

w€EVocab. t=1

Since all these prior probabilities can be stored in atable there is
no need to construct a second NN in this case. It must be noted
that in general P(j) differsfrom P(Topic;), because P(j) refers
to the words in stories related to T'opic;, hence it is influenced
by the length of the stories (i.e. the number of contained words),
and the probability P(Topic;) refers to the occurrence of stories
without taking their length into account.
Now, the most probable story topic can be determined by

e {rro (%)}

t=1

Asin [7], the tuning parameter « is used to compensate for the
incorrect unigram independence assumption.

Eqn. (7) is directly related to the speech recognition approach
using the hybrid system in [2] where phone posterior probabilities
generated by aNN are divided by phone prior probabilities.

2.2. Neural network smoothing

Cross-validation is a common method to avoid parameter overfit-
ting when training NNs as pattern classifier [2]. Various smooth-
ing methods [4] can be used in general to produce robust proba-
bility estimates for (topic-dependent) language models. A smple
smoothing method that avoids zero probabilities is to increase the
frequency counts of all possible discrete events by one (one-plus
smoothing [4]).

For backpropagation training of topic indexing NNs as they are
used in Section 2.1. the one-plus smoothing method can be applied
in a naive way: the training data set is augmented by all possible
topic-word-pairs; thisincreases the training set (and training time)
by V' - J samples. Inthis case, theidea target value at afixed NN
output node for a fixed word at the NN input will be zero J — 1

times and 1.0 once. Since the usual NN training criteria (mean
squared error, cross entropy) are additive for each sample the same
smoothing impact on the gradients can be obtained faster as fol-
lows : two gradient sums are calculated for al of the V' different
words in the vocabulary by the backpropagation method: one for
the target vector containing 0.0 components and one for the tar-
get vector containing 1.0 components. Finaly, the first gradient
term is added to the training data gradient with a weighting fac-
tor of J — 1, the second expression is weighted by 1.0. Thus, the
additional effort for smoothing can bereducedto2 - V.

3. MULTIPLE TOPIC INDEXING

In general, stories like broadcast news texts deal with a couple of
topics instead of one single topic; different words in a story are
related to different topics and the major part of a story’s words
can not be assigned to any specific topic (general language words).
Thus, in [7] the indexing task is extended to determine the most
probable set of topics (out of I different sets) for a given story.
A set-dependent unigram approach is adopted in [7]; each set-
dependent unigram probability is modeled as a mixture of topic-
dependent unigrams using all the topics being contained in the set:

P(w|Set;) = > P(j|Set:) - P(wlj) ®)
Topic]]-eseti

A unigram model P(w|0) for the Topico = general language
is acomponent of each mixture model.

In order to apply the neura network approach of Section 2.1.
that approximates P (j|w) by O;(w) to the problem of topic set
indexing Eqgn. (8) must be transformed by using Bayes rule into:

P(Seti|w) = Z P(Seti|j) - P(jlw) ©)
Topic]]:€Seti

Eqn. (9) motivates the expansion of the topic indexing neural net-
work by one additional layer of weightsin order to approximate the
topic set posterior probabilities P(Set;|w) by the outputs O; (w)
of the new network: The probabilities P(Set;|j) can be inter-
preted as weighting connections between the j-th output node
(with O; (w)) of the topic classifying network of Section 2.1. to

the i-th output node of the new network (with O; (w)). If the net-
work outputs O; (w) and the new weighting connections are con-
strained to have the probability properties (being positive and sum-
ming up to unity e.g. by application of the softmax function [3]) it

can be shown from Eqn. (9) that the new network outputs O; (w)
will also have these properties. When the unconstrained output
weight parameters g;,; are used for connecting the j-th node with
the -output node the constrained network outputs can be generated

by:

5 (1) — exP(ii) ) o
Oi(w) Z S en(y) O (10)

TopicjESet;

Thenew weight parameters g;,; aswell asthe parametersinthetra-
ditional NN can be determined by backpropagation training. To be
able to identify general language words the traditional NN makes
use of an additional output node with Oy (w) that is connected to
all the topic set nodes (see Fig. 1). Thisapproach allowsthe neura
network to identify topic mixtures in the training storiesin an un-
supervised way; the distributions of the NN outputs are expected to
be shaped much sharper compared to the approach of Section 2.1..

This new method of NN training can be generalized to
(semi-)supervised connectionist classifier design when thereisun-
certainty about the specific classes of the training patterns. As
shown In Fig. 1 the traditional NN structure is expanded by an
additional layer of weights (that must have properties of probabil-
ities). For each pattern class a new output node is used; when the
pattern class of atraining sample is not known exactly a set node
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Figure 1. Expansion of the connectionist classifier architecture
to copewith sets of pattern classes.

that contains all classes that might suit this sample is introduced.
After training of this new structure the intermediate outputs O; (x)
of the traditional NN can be used as approximated class posterior
probabilities.

Now, by using the network outputs O; (x) the optimal topic set
of agiven story can be determined by

argmax ¢ P(Set;)
2

Oj (wt)
H Z (j|Set;)? PGy (12)

Topz(‘ €Set;

with the exponential constant 3 to compensate the independence
assumptions [7].

In practice, the number of different topic sets is very large.
This makes the estimation of reliable priors P(Set;) and mixture
weights P(j|Set;) difficult, and the search for the best topic set
becomes intractable. Thus, generating a topic set as a list of the
N-best topics by considering each topic separately isan aternative
approach that has proven to yield similar performance as Eqgn. (11)

in[7]
: 5 0j(wr)
.H¢<P(])B. 5G) )} (12)

t=1

argmax { P(Topic;j)
j

As mentioned above, in the mixture NN training framework the
network outputs are expected to be quite sharp (many zero out-
puts); thus, in Eqn. (12) as in [7] the filter function ¢(z) = = if
(x> 0) or 6 if (x <#) is used to avoid zero probabhilities for
words in a story that are not related to the topic under consider-
ation.

4. EXPERIMENTS

As a story database for the experiments the transcriptions of Mar-
ketPlace business radio broadcast news shows are used. The tran-
scriptions are taken from the DARPA HUB4 1995 CD-ROMSs.

The training data set consists of 105 stories from 10 different
news shows, comprising 43,000 words. Thisisavery small corpus
of stories for training topic models, but since audio data is avail-
able for al these texts in future experiments comparisons using
transcriptions generated by speech recognizers can be obtained.
The test sets are subdivided into 6 news shows as validation data
and 5 news shows as evaluation test data. The validation part con-
sists of 26,000 words in 62 stories; the test set consists of 22,000
words in 43 stories.

Each story islabeled by one up to twelve topic indices (an addi-
tional label for the general language topic is assigned to each story

automatically). In total 62 different topics (excluding general lan-
guage) are used for system training; on the average 5.6 topics are
assigned to a story in the training data set. The out-of-topic rateis
4% and 7% in the validation and the test data, respectively.

Because the size of the training data set is quite small al the
wordsin the transcriptions are preprocessed to generate word base-
forms by removing common suffixes like ”-ed”, "-ing", etc. This
yields a vocabulary size of approximately 5,000 word baseforms
in the training transcriptions. The out-of-vocabulary rate in the
validation and in the test setsis about 10%.

4.1. Neural network training

In the single topic training approach (Section 2.1.) two-layer NNs
with 63 output nodes (for the 62 topics plus general language)
and the softmax output function are trained to minimize the mean
squared error criterion. The number of hidden nodes are set to
3, 10 and 50 corresponding to approximately 15,000, 50,000 and
250,000 weight parameters, respectively. The words in the sto-
ries that are related to several topics are used as multiple training
patterns, yielding 300,000 training patterns totally.

As abaseline system atraditiona topic dependent unigram lan-
guage model (with 315,000 parameters) is created from the train-
ing stories.

For the experiments in the mixture of topics training framework
(Section 3.) the NNstrained as explained above are used to initial-
ize the new network structure. A new layer of weights that imple-
ments the mapping of Egn. 10 is added to the network as shown in
Fig. 1. The number of topic sets (i.e. the new network output layer
size) is 103. After training of this new system the output weight
layer is removed and the outputs O; (w) of the original NN are
used as topic posteriors.

The tuning parameters «, 8 and 6 are optimized on the valida-
tion set.

4.2. Results

The different behavior of NNs that are trained by the single topic
assumption and of NNs that make use of a mixture of topics struc-
ture is shown in Tab. 3. For some characteristic words the most
probable topic and the corresponding topic probability generated
by the NNs are given. The traditionally trained NN yields low
probabilities and general language is chosen frequently because of
its high prior probability in the training set. In the mixture frame-
work the NN generates very high probabilitiesin many cases what
corresponds to the identification of specific key words to a topic.
General language isassigned to words that occur in many different
stories.

Since the test stories are labeled by multiple topics the per-
formance assessment is based on sets of topics generated by the
neural networks. N-best lists are generated for the traditionally
trained systems by using the decoding rule Egn. 7; for the NNs that
are trained by integrating the topic mixture assumption Egn. 12 is
used. Theat-least-one accuracy [7] (that isthe fraction of storiesto
which at least one of the found topicsisrelated) isshown in Tab. 1.
Thetopicindexing precision [7] (that isthefraction of found topics
that are in the set of annotated topics) is shown in Tab. 2.

For the NNsaswell asfor the traditional unigram model param-
eter smoothing improves the performance on the unseen test sto-
ries significantly. The large neural network with 50 hidden nodes
yields higher precision and accuracy than the unigram model for a
small number of topics per story. The precision of the top-choice
is improved from 53% to 63%. When the size of the generated
n-best list is increased both systems perform similar. In contrast
to [7] the usage of topic models that are trained under the mix-
ture of topic assumption does neither improve the precision nor
the accuracy. Although the new models seem to provide a better
discrimination on the level of single words (as shown in Tab. 3)
the performance is worse on the level of whole stories. The fact
that the mixture model performance even degrades on the training
data gives evidence that the simplifications made in Egn. 12 area
bad approximation of the optimal decoding rulein Egn. 11; in par-
ticular, the usage of the global priors P(j) instead of the different



model num. training set validation set test set
hidden 1 17 2]73] 47165 172]3]47]5 172]3]747]5
unigram - I00TI00 100 | 100 [ IO0O [ 48[ 71 [ 82 [ 88 [ 91425870 86 | 98
unigram (smoothed) - 99 | 99 | 99 [ 99 (100 [[ 65| 79 [84 [ 90 [ 92|53 | 7484 [ 91| 95
NN 3 63 | 79 | 88 | 90 | 92 [[ 48[ 68| 79[ 8 [ 89| 4260|7781 ] 84
NN 10 95 [ 100 | 100 | 100 | 100 || 58 | 76 [ 85 |90 [ 92 || 44 |56 | 70 | 81 | 84
NN (" 1+"-smoothed) 10 83 | 96 | 98 | 98 | 99 |[[60 | 76 [ 81 [ 85 [ 89|49 | 72| 77| 88 | 95
NN 50 100 | 100 | 100 | 100 | 100 || 56 | 79 [ 85 [ 87 | 87 || 44 |60 | 79 | 95 | 98
NN (" 1+"-smoothed) 50 9B | 9 | 9| 9 | 9 |[[66]| 778 [8 |8 63818 |91] 95
mixture NN 50 74 | 84 | 8 | 92 | 94 [[ 4866 68| 79844249 [56][81] 84

Table 1. At-least-one accuracy (given in percent) for topic-dependent unigrams and for neural networkswith varying hidden layer
size. Thenumber of recognized topicsper story runsfrom 1to5.

model num. training set validation set test set
hidden 1 [ 237475 172734715 1723475
unigram - I00 100 [ 98 [ 94 8848484544 4142424042740
unigram (smoothed) - 99 | 98 |95 |90 [ 84 || 65|57 [52 |52 46|53 |52 |45 4|41
NN 3 63 | 52 |44 |44 414845413838 4234333128
NN 10 95 | 95 [ 89 [ 8377 || 585 53|50 |45 4440|3740 39
NN (" 1+"-smoothed) 10 83 18 | /6| 71|64 6054464239 4949|4341 37
NN 50 100 | 100 | 98 |93 [ 87 || 56 |56 |52 |47 |44 || 44|42 |44 | 44| 40
NN (" 1+"-smoothed) 50 98 | 95 |94 |88 |81 || 66| 55|51 |46 |43 63|56 47|43 38
mixture NN 50 74156 |46 [40 [ 36 || 48413836 | 3FH|[42[31[29]33] 32

Table 2. Precision (given in percent) for topic-dependent unigrams and for neural networks with varying hidden layer size. The

number of recognized topics per story runsfrom 1to 5.

mixture weights P (j]Set;) is unreasonable in this case.

word mixture training traditional training
topiCmac | Oj(w) topiCmac | Ojw)
a gen.Tanguage | 0.91 gen.Tanguage | 0.14
acre animal 1.00 environment 0.16
amphitheater || entertainment 1.00 interview 0.38
apartheid south-africa 0.93 gen. language | 0.11
apex conference 0.48 conference 0.10
are gen. language 0.86 gen. language 0.14
arkansas scandal 0.74 scandal 0.18
nate crime 0.83 crime 0.13
bankrupt business 0.99 company 0.28
before gen. language 0.66 gen. language 0.13
bird animal 1.00 environment 0.17
blackout energy 1.00 gen. language | 0.22
bootleg china 1.00 asia 0.12
broker stock-market 0.83 shopping 0.21

Table 3. A selection of several words and their most proba-
ble topic determined by the NNs (10 hidden nodes) using the
traditional training and the mixturetraining method, the cor-
responding NN output valueisgiven.

5. CONCLUSIONS

This paper presented an integration of neural networksin a proba-
bilistic topic indexing framework. A method that allows a weight
parameter smoothing within the backpropagation training proce-
dure and anew approach to identify mixtures of topicsin storiesby
a NN was proposed. These innovations can be applied to improve
the performance of general NN based pattern recognition systems.
Due to parameter reduction and smoothing the topic indexing per-
formance of the NN is better than the traditional unigram approach
for a small number of identified topics on a limited data set. The
NN that is based on the topic mixture assumption is able to im-
prove the discrimination at the word level but on the story level it
performs worse. A larger corpus of stories will be used in the fu-
ture to investigate the limitations of mixture NN approach in more
detail.
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