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Chapter 6

Composite Language Model with
Both Topic Dependencies and

Syntactic Dependencies

In this chapter, we will show how to incorporate topic as well as syntactic con-
straints with N-grams into one unified language model. The initial attempts of this
work on Switchboard have been introduced in Wu & Khudanpur (1999) and Khudan-
pur & Wu (2000). The model introduced in these two papers combines syntactic head
word constraints and topic constraints without considering non-terminals. Here, we
first expand the model by adding non-terminal constraints. Further, we apply this
method to a much larger Broadcast News task. The experimental results in this

chapter contain considerable more details than those in the papers.

6.1 Introduction

The major motivation to use the maximum entropy method is to combine dif-
ferent sources of information in one language model. We have explored topic and
syntactic constraints for language models. Now, we want to estimate the probabil-
ity of the current word w; conditioned on previous words w;_o, w;_1, syntactic heads

nti 9, nt; 1, hi 2, hi 1 and the topic tag t;, i.e., p(w;|w; o, wi 1, nt; 2, nt; 1, hi o9, by 1, ;).
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This conditional probability looks like an “8-gram” probability. Obviously, it is im-
practical to collect enough training data to estimate such a model. Most of the
8-tuples w; o, w; 1, w;, nt; o,nt; 1,h; o, h; 1,%; will not occur more than once in the
training data. Although the data sparseness problem can be avoided by either inter-
polation or back-off, the optimal interpolation and back-off strategy is hard to find.
There are 7! = 5040 possible back-off strategies'. The interpolation strategies are
more complicated. Of course, it is not practical to try all these candidate models.
The maximum entropy method, on the other hand, avoids this data sparseness prob-
lem by estimating the joint probability from “reliable” marginal distributions. We
simply need to find these “reliable” marginal constraints and choose the maximum

entropy distribution satisfying these constraints.

6.2 Formulation

To build a language model with N-gram, syntactic and topic constraints, we look

for the maximum entropy model satisfying the following marginal constraints:

. _ F#lw; o, wi 1, w;]
Z p(wilg(z:)) - p(o(:)) = #[training data]’

nti—2,nti—1,hi—2,hi—1,t;

> p(wilg(z:) - p(o(2:)) =

Wi —2,wi—1,Mti—2,nt;—1,t;

. _ #ntig, nti_y, wi
z p(wild(a:) - pl(w:) = #|training data] ’

#[training datal

#[h'ifZa hi 1, wi]
#[training data]’

wi—2,wi—1,hi—2,hi—1,t;

>, p(wil¢(x:) - p(b(z:)) =

wi—2,w;—1,nt;—2,nti—1,hi—2,hi 1

where ¢(x;) = w;_o, wi_1, hi_o, hi_1,nt;_o,nt;_1,t; is the history equivalence class. It
should be noted that the first kind involves regular N-gram counts, the second and
the third involve what we call head-word N-gram counts and non-terminal N-gram

counts, and the last one constrains unigram frequencies within specific topics. Lower

'We can drop any symbol from the history 7-tuple (w;_o,w;_1,w;, nti_o,nt;_1,hi_o,hi_1,t;)
and get 7 (different 7-gram models to be Dbacked-off for the 8-gram model
p(wi|w,~_2,wi_l,wi,nti_g,nti_l,hi_g,hi_l,t,-). Similarly, we have six candidate 6—gram mod-
els for each of these seven-gram models, and so on. Totally, there are 7! possible combinations.
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order (unigram and bigram) constraints are set similarly. The combination of these

constraints results in an exponential model of the form

P(w;|wi—g, wi—1, hi—g, hi—1, nti_1,nti_o,1;) (6.1)

- lag(wi) o8 wimvwi) | o o(wioowioiwi) | 9hicrwi) o g(hio2shio1wi)
5 Wi Wi—1,W; Wi—2,Wi—1,W; hi—1,w; hi—2,hi—1,w;

g(nti—iws)  g(ntia,mti—1,ws)  g(tiwi)
nt;—1,w; nt;_2,nti_1,w; tiwi

where z = z(w;_g, Wi_1, hi—o, hi_1,nt;_1,nt;_o,t;) is a normalization constant. Com-
paring the composite model (6.1) with the syntactic model (5.11), one can see that
the only difference between them lies in the last topic-dependent feature in the com-
posite model. This shows the flexibility of the maximum entropy method in adding
constraints from a new information source to an existing model. The training of this

composite model has been described in Chapter 3.

6.3 Overall Experimental Results for Switchboard

The perplexities and word error rates of ME models with topic and/or syntactic
dependencies are shown in Table 6.1. Once again, we list the baseline perplexity
of 79 and WER of 38.5% in the first row in the table. The performance of the
maximum entropy model with any of the topic constraints, head word constraints
and non-terminal constraints alone follows in Row 2, 3 and 4, respectively. As we
have shown in the previous chapters, these three models all outperform the baseline
model. Next, models with two kinds of non-local constraints are built and evaluated
(in Row 5, 6 and 7, respectively). They achieve lower perplexity and word error rate
than the models with one kind of non-local dependency. For example, the model with
both topic and head word constraints outperforms both the topic-dependent model
and the head-word dependent model, and the model with topic and N'T constraints
outperforms both the topic-dependent model and the NT model. It should be noted
that the results in Row 7 are what have been reported in Wu & Khudanpur (1999)
and Khudanpur & Wu (2000). Finally, the composite model combining all three types

of non-local dependencies is built (Row 8) and it outperforms other models using any
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one or two types of non-local constraints. Overall, the model with topic, head word
and non-terminal dependencies achieves a perplexity reduction by 13% and a WER

reduction by 1.5% absolute compared to the results of the trigram model (Row 1).

‘ No. ‘ Model Constraints ‘ Perplexity ‘ WER ‘

| 1 |3-gram | 790 [385% |
2 | 3-gram + NT 75.1 37.8%
3 | 3-gram +HW 74.5 37.7%
4 | 3-gram +Topic 73.5 37.8%
5 | 3-gram +HW + NT 74.0 37.5%
6 | 3-gram +Topic + NT 70.3 37.3%
7 | 3-gram +Topic + HW 69.9 37.2%

| 8 | 3-gram +Topic + HW+NT | 679 | 37.0% |

Table 6.1: Performance of ME language models with N-gram, head-word (HW), non-
terminal label (NT) and topic dependencies.

It is worth mentioning that gains of the composite model from both syntactic
and topic dependencies are almost additive; the topic dependencies (topic) and the
syntactic dependencies (NT+HW) help to reduce the WER by 0.7% and 1.0%, re-
spectively (Row 4 and 5), and they together reduce the WER by 1.5%. Each of the
two types of syntactic dependencies, NT or HW, is also individually complementary
to the topic dependencies (topic); the non-terminal dependencies (NT) and the topic
dependencies together reduce the WER by 1.2% while each reducing the WER by
0.7% and 0.7%, respectively; the head word dependencies (HW) and the topic de-
pendencies together reduce the WER by 1.3% while each reducing the WER by 0.8%
and 0.7%, respectively. It is easy to check that the perplexity reduction from both
information sources is almost additive.

Therefore, we conclude that the topics and the syntactic information are comple-
mentary. The results also show the benefits of integrating various sources of informa-

tion under the ME framework for improving language modeling.
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6.4 Analysis of Performance for Switchboard

We have shown in Chapter 4 that the topic dependencies in the topic model
benefit content-bearing words more than stop words. We have also shown in Chapter
5 that the head word and non-terminal constraints in the syntactic model compensate
for the N-gram model when the syntactically meaningful information is beyond N-
gram range. The composite language model integrates both topic dependencies and
syntactic dependencies and is thus expected to inherit these two properties from both
the topic-dependent model and the syntactic-dependent model.

To see if this assumption is true, we analyze the performance of the composite
model in the same way as we have done for the topic-dependent model and the
syntactic model. First, we divide the vocabulary into two sets, content-bearing words
and stop words, and compare the performance of the composite model on these two
subsets. Next, we divide the histories into two sets according to whether the syntactic
heads fall within trigram range or not and compare the performance. Finally, we focus
only on the subset of test data in which syntactic heads locate outside trigram range
in the history and the future word is a content word, and we expect the improvement

of the composite model to be the most significant on this subset.

6.4.1 Role of Topic Dependencies

Table 6.2 shows a breakdown of the results for content words and stop words for
the composite model. The results of the baseline trigram model, the topic model
and the syntactic model are also shown for comparison. It should be noted that the
trigram model and syntactic model are topic independent while the topic model and
composite model are topic dependent.

It is apparent that, similar to the topic model, the composite model helps to
reduce the word error rate on topic-dependent words at a higher rate than the overall
improvement (2.1% vs. 1.5%). Therefore, we argue that the performance gains (of
the composite model) on content words mainly come from topic information. The

word error rate of stop words also reduces when topic-sensitive models are used,
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Language Content Words | Stop Words Overall

Model Ppl ‘ WER | Ppl ‘ WER | Ppl ‘ WER
Trigram 8941 | 42.2% | 36.4 | 37.6% | 79.0 | 38.5%
Topic 3923 | 40.8% |37.1|37.0% | 73.5 | 37.8%
Syntactic 4840 | 41.9% | 36.6 | 36.3% | 74.0 | 37.5%
ME Composite | 3773 | 30.1% | 35.5 | 36.2% | 69.2 | 37.0%

Table 6.2: Perplexity and WER for content words and stop words.

because it is influenced by the word error rate of content words in the vicinity of stop
words. Therefore, we conclude that the composite model inherits this property of the
topic-dependent model.

It is of interest that most of the word error rate reduction by the (topic-independent)
syntactic model comes from stop words rather than from content words. This may be
caused by the lack of syntactic constraints for content words. Most content words w;
are low frequency words and even their low counts are distributed among many dis-
tinct training tuples hLQ, hg',l, ntf;?, ntzfl, w; for j =1,---,J where J is the average
number of candidate parses for each sentence prefix. Therefore, many content words
have no syntactic features activated in the model?. Stop words, however, are high
frequency words and do not suffer from this problem. Table 6.3 shows the percentages

of content words and stop words with any type of syntactic constraints.

| Constraints | Cont. Wds | Stop Wds. |

HW 2-gram 52.8% 99.5%
HW 3-gram 33.0% 79.5%
NT 2-gram 56.7% 98.6%
NT 3-gram 44.2% 93.9%

Table 6.3: Percentage of content/stopwords with syntactic constraints.

It is apparent that almost all stopwords have some types of syntactic features

activated, while a far fewer percentage of content words have the same type of features

2 After we cut low counts off to keep the model to a manageable size.
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activated. This may explain why syntactic models help to reduce WER more on stop

words than on content words.

6.4.2 Role of Syntactic Dependencies

Table 6.4 gives the breakdown perplexity and word error rate across different
history classes: those histories whose head words (h;_o, h;_1) coincide with the two
immediately preceding words (w; o, w; 1) and those whose head-words do not. Be-
sides the splitting results for the composite model, we also list the results for the
baseline model and the syntactic model copied from Chapter 5 and provide the split-
ting word error rate for the topic model for comparison. It should be noted that
the trigram model and the topic-dependent model do not use syntactic constraints,
whereas the syntactic model and the composite model do. As expected, all long-range
dependencies, especially syntactic heads, help when head words # trigram. The
WER reduction for the syntactic model and the composite model in this case is 1.5%
and 2.3%, respectively, which is much higher than the overall improvements. This
supports our claim that the improvement in the cases when the predicting informa-
tion is beyond trigram range mainly come from the syntactic heads, indicating that

the composite model inherits this property of syntactic models.

hi-1 = wi_1 | hi—y # W;—1 Or
Language Model | h;_9 = w;_o hi—o # wi_o Overall
Ppl ‘ WER | Ppl ‘ WER Ppl ‘ WER
Trigram 78.8 | 37.8% | 79.7 | 40.3% | 79.0 | 38.5%
Topic 73.0 | 37.3% | 744 | 39.1% | 73.5 | 37.8%
Syntactic 73.1136.9% | 742 | 38.8% | 73.5|37.7%
Composite 69.1 | 36.7% | 69.2 | 38.0% | 69.2 | 37.0%

Table 6.4: Performance improvement on different history classes.

We are surprised to see that the topic dependencies also help more in the case
when syntactic heads are non-local (1.2% WER reduction). We argue that this im-
provement, is caused by the relative low trigram coverage when the syntactic predict-

ing information is beyond the local range and the relative poor performance of the
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trigram model (cf. Table 6.7 for the trigram coverage in these cases). Any extra

information will benefit the model in this case.

6.4.3 Four-Way Analysis

Finally, we further split the test data four ways according to the combinations of
history classes and word classes. The proportions of different history-word sets are
shown in Table 6.5. The composite language model should have the most advantage
when the syntactic information is beyond the trigram range and the following word is

a content word, and it is expected to correct relatively more errors in this case than

in the other cases.

hi—l = W;—1 and hi—l 75 W;—1 Or All
hi—o = w;_o. hi o # w; o Histories
Stop Words 58.1% 22.1% 80.1%
Content Words 14.3% 5.6% 19.9%
All Words 72.3% 27.7% 100%

Table 6.5: Proportion of test data of different word classes and/or history classes.

We test the performance of the language models on each set in the same way as

in the previous experiments. The breakdown of the WERs is shown in Table 6.6.

head words = trigram | head words # trigram
Language Model | Stop Wds | Content Wds | Stop Wds | Content Wds
ME Trigram 37.3% 40.0% 38.3% 48.6%
ME Topic 36.8% 39.0% 37.3% 46.1%
ME Syntactic 36.3% 39.4% 36.9% 47.2%
ME Composite 36.0% 38.1% 36.4% 46.0%

Table 6.6: WER based on different history classes and word classes.

e First, we find that the WER is relatively high on head words and/or head words

beyond trigram range. This is due to the low coverage of trigram in these cases

(Table 6.7).
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hi—1 = w;_1 and | h;_1 # w;_; or
hi_g = W;—9. hi_Q ?é W;—2 Average
Stop Words 71.3% 50.5% 63.9%
Content Words 26.6% 11.9% 22.8%
Average 63.2% 45.6% 57.0%

Table 6.7: Coverage of trigrams of different word classes and/or history classes.

e Next, when h; 1 = w;_1 and h;_o = w;_o, topic dependence and/or syntactic
dependence bring some marginal improvements in WER on stop words. This
result is reasonable since our models are not designed to improve the WER
in this case. However, the WER on content words reduces (by 1.0%) more
than average when topic dependencies are applied as we have expected. When
h;_1 # w;_1 or h; o # w; o, both syntactic dependence and topic dependence
are helpful. The syntactic model improves the WER evenly on both content

and stop words, whereas the topic model is effective mainly on content words.

e Finally, when h;_; # w;_, or h;_s # w;_5 and the predicted word is a content
word, the reduction of WER by using the composite model is considerable
(2.6%), since both kinds of long-range dependencies are active in this case.
The composite language model inherits this advantage from both the topic-

dependent model and the syntactic-dependent model.

6.5 Broadcast News Results

With the help of both the divide-and-conquer and the generalized hierarchical
training described in Chapter 3, we also build the ME composite language model with
both topic and syntactic (HW+NT) constraints for Broadcast News. The training
data is still the 14M-word subset we used for training the syntactic model.

Unlike the topic model, which is trained on 100 topics using 130M words, the com-
posite model is trained on 60 topics instead. One reason for reclustering the training

data into fewer topics is to avoid data sparseness problems. Another consideration is
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to save the model estimation time®. We keep those 60 topics that have the largest
amount of data among the original 100 topics, and reassigned the documents in the
remaining 40 topics to one of these 60 clusters. Next, we apply the K-mean clustering
algorithm described in Section 4.2 to recluster the training data. Sixty-five thousand
topic-dependent unigram features are selected by the criteria described in Section 4.2.

We first build a new baseline trigram model with the trigram cut-off of 3. We
set higher cut-offs for the experiments in the section, because we need to limit the
composite model to a manageable size. The perplexity of this trigram model increases
slightly compared to the model with the trigram cut-off of 2 built in Section 5.8.
However, the word error rate remains almost the same (Table 6.8). Next, we augment
the trigram model by adding either topic-dependent features or syntactic features
individually. Both the perplexity and the word error rate of the topic-dependent
model reduce by 11.5% and 0.7%, respectively, compared to the corresponding trigram
model, whereas those of the syntactic model reduce by 7.4% and 0.7%, respectively.
It is worth noting that the cut-off for head word trigrams is 2.5 here instead of 2 as

we used in Section 5.8.

‘ No. ‘ Model Constraints ‘ Perplexity ‘ WER ‘

| 1 [ BO 3-gram (14M) | 216 |35.3% |
2 | ME 3-gram (14M) 218 35.4%
3 | 3-gram + Topic (14M) 191 34.6%
4 | 3-gram + HW + NT (14M) 200 34.6%

[ 5 [3-gram + Topic + NW + NT(14M) [ 177 [ 34.1% |

[ 6 [BO 3-gram(130M) | 174 [34.6% |

Table 6.8: Performance of ME language models with N-gram, syntactic and topic
dependencies.

Finally, the model with both topic constraints and syntactic constraints is built
and evaluated (Row 5 in Table 6.8). It achieves almost additive improvement from
topic and syntactic constraints (compared to the baseline trigram model) - as either

the topic or the syntactic constraints help to reduce the word error rate by 0.7%,

3The training time for the composite model with 60 topics is already about 3 times as much as
that to train the syntactic model using the same amount of data.
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they together bring a word error rate reduction of 1.2% (compared to the trigram
model trained on the same data). These results agree with what we have obtained in
Switchboard.

Overall, the perplexity of the composite model reduces by 18.0% to 177, and WER
reduces to 34.1%, which is even lower than the word error rate (34.6%) of the trigram
model trained on the larger 130M-word Broadcast News corpus. Furthermore, this

improvement in WER is significant (with a p-value of 107%).

6.6 Summary

The maximum entropy method has the advantage of incorporating different sources
of information together into one unified model. We have constructed composite lan-
guage models integrating both topic and syntactic dependencies for the Switchboard
and the Broadcast News tasks using the maximum entropy method. These models
outperform models with either of these two kinds of non-local dependencies above.
Overall, the word error rate reduces by 1.5% in Switchboard and 1.2% in a subset of
Broadcast News. It is worth mentioning that the word error rate of the composite
model trained by 14M Broadcast News data is even lower than that of the trigram
model trained by 130M BN data.

The gain from the topic dependencies and the syntactic dependencies is almost
additive, showing that these two different information source are close to comple-
mentary. It is also shown, from the experiments in Switchboard, that the composite
model inherits the properties of both the topic-dependent and the syntactic depen-
dent models: it decreases the WER on content words more than on stop words, and
it benefits more than does the overall case, where syntactic structure information is

beyond the local range.



