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ABSTRACT

The subjed matter of any conversation or document can
typicdly be described as sme mmbination of elemental
topics. We have developed a language model adaptation
scheme that takes a piece of text, chooses the most
similar topic dusters from a set of over 5000 elemental
topics, and uses topic spedfic language models built
from the topic dusters to rescore N-best lists. We ae
able to achieve a15% reduction in perplexity and a small
improvement in WER by using this adaptation. We dso
investigate the use of a topic tree where the amount of
training data for a spedfic topic can be judiciousy
increased in cases where the demental topic duster has
too few word tokens to build a reliably smoothed and
representative language model. Our system is able to
fine-tune topic adaptation by interpolating models
chosen from thousands of topics, allowing for adaptation
to unique, previously unseen combinations of subjeds.

1. INTRODUCTION

In this paper, we explore large-scde, fine-tunable topic
adaptation. Spedficdly, we eamine the reduction in
perplexity and word error rate made possble by
deteding a story's topic and then using a series of
interpolated language models trained on topic-spedfic
data to reevaluate speed recognition hypotheses. The
most similar topics to a new piece of text are chosen
from over 5000 topic candidates. One strength of this
approach is the adility for diverse, typicdly unrelated
topics to be seleded and interpolated together to match
the unique events present in a new story. Previously
unseen combinations of topics occur frequently in
domains such as Broadcest News, where aurrent events
dictate the mntents of ead article. For details of our
ealier work in topic adaptation, see[1].

2. TOPIC ADAPTATION

The topic adaptation scheme we ae using consists of the

foll owing threesteps:

1) Stories from an annotated corpus that share similar
topics are gathered together into a set of clusters
based on manuall y-assgned keywords.

2) A clasdfier is used to find the dusters that are most
similar in topic to the text that is being decoded.

3) Languege models are built from the dusters of data
found to be the most similar to the test data. The
models are interpolated at the word level and the
interpolated score is used to rescore the speet
recognizer's hypotheses in an N-best framework.

2.1. Clustering

Given a @rpus with story boundaries marked and
keywords manually asdgned to ead story, topic dusters
are aeded by defining eat urique keyword as a label
for a duster. For eat keyword, all stories that have that
keyword are adgned to its particular cluster. Each
cluster isthen a candidate to be used in future adaptation.

Topic trees can be built by treaing the topic dusters as
leaves and iteratively merging the topics together to form
a tree Agdomerative dustering tes been used
succesgully for topic adaptation in a mixture modeling
framework [2, 3]. In these caes, training data was
partitioned into a relatively small set of topic dusters,
which was used for adaptation. However, one alvantage
of retaining a high number of individual topic dustersis
the aility to make fine distinctions between different
subjeds and mix unusual topics together that may occur
in afuture story. As smilar clusters are merged together,
they lose their topic focus, but they aayuire the
advantage of having additional data to build more
statisticdly sound languege models. A topic treeis one
way to combine the data alvantages of larger clusters
and the topic focus of many of smaller clusters. Each
path from led to root spedfies a set of nodes that start
out in a very digtinct topic and then gradually bemme
more general as the dusters become larger. At runtime,
automatic topic identification is performed on a decoded
document and results in a small number of adive led
topics. Language models built at various nodes along the
adive paths can be combined to best model the airrent
document. The use of topic trees has a'so been explored
in the Switchboard damain by Carlson [4].

Automatic topic dustering does not aways result in
optimal clustering dedsions. We ae investigating semi-
automatic methods, where the system asks for cues
whenever its confidence in its clustering dedsion is
wedk. We have developed a web interfacethat all ows the
user to make dustering dedsions when building a topic
tree drawing from al the text, keyword, and tree
information avail able.



An important feaure of creaing topic dusters based on
keywords is the presence of data overlap between
clusters. If one story contains five different keywords
describing its content, then the text for the story will
appea in five different clusters. When using
agglomerative dusteringto creae atopic tree the dfeds
of data overlap on the measure of cluster similarity need
to be cmonsidered. In this work, no corredive adion was
taken to acount for the similarity measure bias due to
data overlap.

2.2. Topic Detection

Once we have aset of topic dusters, we can use topic
detedion to determine the most topic-similar clustersto a
new piece of text. We mnsider two topic detedion
methods: the TFIDF clasdfier and the naive Bayes
clasdfier. The TFIDF measure [5] asdgns a weight to
ead urigue word in a document representing how topic-
spedfic that word is to its document or cluster. The
similarity between two dacuments can be computed by
representing ead document as a vedor of weights, and
then computing the msine of the ange between the two
vedors. The resulting similarity measure is a value
between zero and one, with zero indicaing ro topic
correlation, and one meaning an identicd match. A
Naive Bayes clasdfier cdculates the probability of a
topic given the words in a new document. In comparing
these two clasdfiers [6], we found that the naive Bayes
clasdfier consistently outperforms the TFIDF classfier
in both predsion and recdl on a Broadcast News test set
where the manually asdgned keywords indicae the
corred clasdficaions. See[6] for details.

2.3 Model Interpolation

In the speet remgnition paradigm, ead time a new
story is decoded an initial hypothesis transcription is
produced. We then feal the hypothesis transcription to
the dasdfier, which chooses the most similar led
clusters. Individual language models are built from the
chosen clusters (or from nodes farther up in the tree
when a topic tree is being wed), and the models are
interpolated together at the word level. The hypothesisis
then reevaluated acording to the language scores of the
interpolated language models. Even when the word error
rate of the dewder hypothesis is dgnificant, topic
detedion will till perform reasonably well [1]. As long
as the word errors in the hypothesis are not significantly
topic-correlated, the rred content words in the
hypathesis will provide enough weight for the seledion
of appropriate dusters.

3. EXPERIMENTS

The training data used in these eperiments is the
Broadcast News corpus obtained from Primary Source
Media. The data covers the period from 1992- 1995and
consists of 130 million words. Story boundaries are

marked, and ead story is acompanied by a set of
keywords that describe the story's content. The @rpus
was lit into topic dusters by colleding the keywords
from all stories and assgning ead keyword to a duster.
Thetext for ead story was assgned to the dusters of the
story's keywords. Many of the keywords have sub-
caegories, in which case the sub-categories were
separated from the main keyword and treded as
keywords themselves. Summary stories, keywords with
only one story and certain geographic keywords were
excluded, resultingin 5883topic dusters.

The most frequent 63k words from the four yeas of
Broadcast News text defined the vocabulary for
cdculating cluster similarity. The development and
evaluation sets from the 1996 ARPA Hub4 continuous
speed recognition evauation were used as geed
recogniti on test sets. These sets contain story boundaries,
where eat boundary indicaes a change in topic. The
development set contains 57 stories and the evaluation
set contains 74 stories. The number of word tokens in
ead story ranges from 6 to 2131

3.1. Perplexity Reduction

In order to determine the best way to interpolate topic
spedfic language models, we varied the number of topic
spedfic models and measured development set
perplexity. First, topic detedion was run wsing the
TFIDF and naive Bayes clasdgfiers on errorful first-pass
Sphinx-3 [7] recognition hypotheses from ead of the 57
stories from the development set. The word error rate
(WER) of the development set was 40%. A 51k
vocabulary general trigram badkoff language model was
built from the Lingustic Data Consortium's (LDC)
relesse of the Broadcast News corpus. Good-Turing
discounted trigram badkoff language models [8] were
built from ead of the 20 most similar topic dusters
chosen by the dasdfiers for ead development set story.
The perplexity for ead story was computed by
interpolating the most similar 5, 10 a 20 topic models
for eadth story with the 51k general language model at the
word level. Interpolation weights and perplexity values
were obtained with the EM algorithm and two-way cross
validation. All of the story perplexities were combined
(at the entropy level to adjust for different numbers of
word tokens) to give afinal development set perplexity.
Results are shown in Table 1. Using twenty topic models
chosen by the naive Bayes clasdfier yields the greaest
reduction in perplexity from 222 with the general model
to 188 a 15% reduction.

General model 222
Leaves TFIDF Bayes
5 193 193
10 191 189
20 189 188

Table 1. Development set perplexity, leaves only



Next, we built two topic trees. The first (automatic) tree
merged the 5883topic led clustersiteratively to the roct.
At ead iteration, the node with the fewest words was
chosen to be merged with its most similar node, which
was chosen by the TFIDF classfier. The second treewas
built in the same way as the first, except that if the
simil arity value between the small est cluster and its most
similar cluster was below athreshold of 0.3, the smallest
cluster was 'orphaned’, or linked dredly to the roct. The
orphan tree did not force amerge if no good match
existed, whereas the aitomatic tree forced a merge &
ead iteration.

Of the 5883 led clusters, 230 contain less than one
thousand word tokens. In cases where so few tokens are
avail able, adaptation may benefit from using more data.
In an effort to verify this hypothesis, three development
set stories and one of the most similar leaves for eat
story were seleded. For ead of the threestory-led pairs,
language models were built at various nodes along the
path from led to roct for both the aitomatic tree ad the
orphan tree Each model was interpolated with the 51k
general model, and the perplexity of the story was
computed using two-way crossvalidation. In al six
cases, the perplexity deaeased or stayed the same when
a model built from a node with more data than the led
cluster was used. This limited example indicaes that
using more data by traveling wp the tree from the led
nodes may improve aaptation.

Topic tree alaptation was tested on the development set
stories by setting token cutoffs. In all cases, twenty led
clusters were mnsidered per story. For both trees
(automatic and orphan), whenever a led cluster was
chosen for interpdlation, the topic model was built from
the lowest node in the path that had at least as many
word tokens as the pre-determined threshold. Thresholds
of 50k and 20k were set. Occasionally the paths for
similar leaves merge, and in these caes lessthan twenty
models were interpalated for those stories. In the cae of
the orphan treg sometimes a led cluster would lead
straight to the root. Therefore, two orphan tree scenarios
were evaluated: in the first, the led clusters that had
fewer tokens than the threshold but were mnneded
diredly to the root were left out completely, and in the
seoond (designated by “+leaves), the led clusters were
left in even if they contained fewer tokens than the
threshold if a larger node with more tokens than the
threshold was not available. Perplexity results for these
cases are shown in Tables 2 and 3. In all casesthereisa
perplexity reduction over the general trigram model, and
the orphan ‘+leaves' trees do as well asusing leases only
when the leaves are chosen by the naive Bayes classfier.

General model 222

Tokenthresh  TFIDF  Bayes
Leaves only 189 188
50k 191 189
200k 192 191

Table 2. Development set perplexity, automatic tree

General model 222
Tokenthresh  TFIDF  Bayes
Leavesonly 189 188
50k 191 189
50k+leaves 190 188
20k 196 192

20k+leaves 191 188
Table 3. Development set perplexity, orphan tree

3.2. N-best Rescoring

Next, we wanted to seeif using these models to rescore
N-best lists would lead to a reduction in reaognition
WER. Two interpolation weighting schemes were tested.
In the first, the duster language models and the 51k
general languege model were interpolated with weights
obtained by minimizing the perplexity of the erorful
first-pass decoder hypothesis. The second interpolation
scheme asdgned a weight of 0.55 to the general 51k
language model and uniform interpolation weights to the
remaining topic models. In all cases, twenty led clusters
were chosen per story. Rescoring consisted of using the
original amustic score, the new language model score,
and a word insertion penaty. Filled pauses were
predicted from manually set unigram probabiliti es [1].
For the development set, the first-pass WER with no
rescoring was 40.2%. The lowest N-best WER, found by
using the reference transcripts to choose the N-best
hypotheses with the lowest error, was 34.6%. The lowest
N-best WER represents an upper bound on the
performance of N-best rescoring. Using just the 51k
general language model to rescore, a WER of 40.1% was
obtained. Language model score and insertion penalty
weights were cosen by two-way cross validation, and
the average weight values were used for evaluation set
rescoring. The evaluation N-best lists were generated
after two passes of the Sphinx-3 deaoder. Rescoring was
tried using TFIDF-chosen leaves, Bayes-chosen leaves,
and the 20k+leaves orphan tree with Bayes-chosen
leaves. The two interpolation weighting schemes,
minimized perplexity and uniform weights, were tested
for ead condition. Results are shown in Tables4 and 5.



Condition WER

No topic edaptation 402 %
Lowest N-best WER 34.6%
General trigram 40.1%
TFIDF leaves, min PP 39.6%
TFIDF leaves, uniform 39.7%
Bayes leaves, min PP 39.5%
Bayes leaves, uniform 39.5%

Bayes, 20k orphantree min PP~ 39.6%
Bayes, 20k orphan treg uniform  39.6%

Table 4. Development set word error rate using diff erent

language scores
Condition WER
2" passdeaoder output 35.5%
TFIDF learses, min PP 35.3%
TFIDF leares, uniform 35.5%
Bayes leaves, min PP 35.4%
Bayes leaves, uniform 35.4%

Bayes, 20k orphantree min PP 35.3%
Bayes, 20k orphan treg uniform  35.5%

Table 5. Evaluation set word error rate

All of the topic adaptation methods lead to an improved
WER on the development set, with the Bayes-chosen
leaves providing the greaest WER reduction of 0.7%
over 1% pass development hypothesis. Improvement on
the evaluation set is less sgnificant, with most methods
providing a very sight deaease in WER. The coice of
model interpolation weights does not seen to
significantly affed WER results, with the minimized
perplexity weights performing slightly better than the
uniform weights. On both the development and
evaluation sets, using a Kneser-Ney smoothed general
trigram model to rescore resultsin alower WER than the
topic models [1]. A Kneser-Ney model results in a WER
of 39.4% on the development set and 349% on the
evaluation set. Future work in topic adaptation must
include better smocthing techniques for models built
from small amounts of training data.

4. CONCLUSION

Large scde, finely tuned topic adaptation is possble and
does result in a deaease in perplexity and a dight
deaease in WER in the Broadcast News domain.
Choasing the 20 most topic-similar clusters for an
individual story from among 5883 candidates and
interpolating models built from these dusters resultsin a
15% deaease in perplexity over a genera Broadcast
News model, even when the word error rate of the story
hypothesis used for topic detedion is quite high. Having
many candidate dusters permits fine topic distinction
and the posgbility of mixing topics in a way that might
not have been previousy seen in the training data
Furthermore, the semantic landscegpe of Broadcast News
has been mapped out in two dfferent topic trees. Future
work may find these structures helpful in more cmplex

topic detedion and adaptation systems. For a more
detail ed presentation of thiswork, see[6].
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