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Abstract

Language models (LMs) are important in automatic speech
recognition systems. In this paper, we propose a new approach
to a topic dependent LM, where the topic is decided in an un-
supervised manner. Latent Semantic Analysis (LSA) is em-
ployed to reveal hidden (latent) relations among nouns in the
context words. To decide the topic of an event, a fixed size
word history sequence (window) is observed, and voting is then
carried out based on noun class occurrences weighted by a con-
fidence measure. Experiments on the Wall Street Journal cor-
pus and Mainichi Shimbun (Japanese newspaper) corpus show
that our proposed method gives better perplexity than the com-
parative baselines, including a word-based/class-based n-gram
LM, their interpolated LM, a cache-based LM, and the Latent
Dirichlet Allocation (LDA)-based topic dependent LM.
Index Terms: topic dependent, language model, latent seman-
tic analysis, topic voting

1. Introduction
A statistical language model (LM) plays an important role in
automatic speech recognition (ASR) systems. It has been used
to reduce the acoustic search space and resolve acoustic ambi-
guity. Statistical n-gram LMs are very good at modelling short-
range dependencies, but not at modelling long-range dependen-
cies. Several attempts have been made to capture long-range
dependencies. The cache model [1] increases the probability
of words observed in the history. The trigger model [2] is a
generalization of the cache model, but its training is compu-
tationally very expensive. A topic mixture model [3] tries to
capture topic-related constraints within and between sentences
by combining a number of word-based n-gram LMs trained on
topic-specific documents. Bellegarda [4] combined the global
constraint given by Latent Semantic Analysis (LSA) with the
local constraint of the n-gram language model. This success
was followed by the Probabilistic LSA (PLSA) [5] and Latent
Dirichlet Allocation (LDA) [6] models. More recently, a topic
dependent LM using LDA to detect topics has been proposed
[7]. However, this method needs pre-analysis of the test dataset
to determine topic mixtures, thus it is impossible to apply this
method against a real-time ASR system.

In this paper, we propose a novel topic dependent LM in
which the topic of an event is decided by voting. First LSA is
applied to map nouns into a semantic vector space, and then a
vector quantization (VQ) is conducted to define the topics. The
distance between a noun vector and the topic centroid is defined
as the confidence measure. A fixed size word history sequence
(window) is observed to decide the topic of an event. Unlike
other topic dependent LMs, the topic is integrated as part of the
word sequence in the n-gram model in this new LM.

The paper is organized as follows. Section 2 describes the
process of defining topics and the confidence measure. Sec-
tion 3 explains how the topic of an event is decided. Section 4
defines the proposed LM, the topic dependent class (TDC), in
detail. Section 5 describes the experiments and gives the perfor-
mance results for the proposed model as well as several base-
lines for comparison. The paper ends with the conclusions and
possible future works.

2. Topics and confidence measure
Nouns in a sentence play an important role in the whole dis-
course and are the core of the underlying LM. The associations
between nouns are supporting factors in defining topics. We
use LSA to reveal these hidden relations to form topics. LSA
extracts semantic relations from a corpus, and maps them into
a semantic vector space. The discrete indexed words are pro-
jected into the LSA space by applying Singular Value Decom-
position (SVD) to a matrix representing the corpus. A noun-
document matrix is used to represent the training corpus in
which the rows correspond to nouns and the columns to docu-
ments. We apply a term frequency-inverse document frequency
(tfidf) weight to each noun wi in each document dj ,

tfidf(wi, dj) = tf(wi, dj) idf(wi) (1)

tf(wi, dj) =
f(wi, dj)∑
k f(wk, dj)

(2)

idf(wi) = ln
|D|

|{dj : wi ∈ dj}|
, (3)

where |D| is total number of documents. Once the vector rep-
resentation for each noun has been created in the LSA space,
VQ [8] is applied to cluster these words into topics. VQ is per-
formed using cosine similarity between nouns until the desired
number of clusters (topics) is reached. A confidence measure
γ is defined as the distance between a word vector and its class
centroid. So in this case, γ(wi) can be calculated using the
same cosine similarity between noun wi and its topic class Ci,

γ(wi) = cos(wi,Ci) =
wi.Ci

|wi||Ci|
, (4)

where Ci is the centroid vector of topic class Ci. This score
(0 ≤ γ ≤ 1) indicates how confident a noun wi is to be in the
topic class Ci. The larger the γ score, the more typical a word
wi is in the class Ci.

3. Topic voting on noun history
Given the history of a word sequence w1, w2, ..., wi−1, the
topic of this particular event in an n-gram model is denoted as
Zi−n(m), where m is the window size. Topic Zi−n(m) is ob-
tained by observing m words in the outer contexts of the near
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n-gram wi−n−m+1, ..., wi−n by voting on the weighted fre-
quency of the noun classes. Mathematically this can be written
as

Zi−n(m) = argmax
C

i−n∑

j=i−n−m+1

γ(wj)δ(Cj , C), (5)

where δ(Ci, C) =

{
1 if C = Ci,
0 otherwise.

Note that γ and δ is defined only for nouns, otherwise 0 is as-
signed. If there are no nouns inside window Zi−n(m), as hap-
pens at the beginning of a document, a dummy topic class CØ

is defined.

4. Topic dependent class LM
Humans may not be able to understand a conversation in which
the topic is unknown. In the same vein, it is easier for an
LM to predict the current word wi if the topic is known since
this reduces the search space of possible candidates for the
current word. A topic dependent class (TDC) is proposed to
provide such information to the LM. A TDC with window
size m is an LM in which the probability of a word sequence
W = w1, w2, ..., wN is calculated according to:

PTDC(W ) =
N∏

i=1

P (wi|Zi−n(m), wi−n+1
i−1 ), (6)

where wi−n+1
i−1 = wi−n+1, ..., wi−1 and Zi−n(m) is the topic

class described in the previous section. As we can see, the topic
is integrated within the word based n-gram LM. The equation
is similar to the factored LM [9] in which the last context is
considered as the topic Zi−n(m). However, the topic Zi−n(m)
in this case is not decided based on a specific word wi−n, but on
the collection of word history instead. A statistical word-based
3-gram LM is used to capture the local constraint using linear
interpolation (see (10)).

4.1. Backoff for unseen events

In an n-gram LM, when the model encounters unseen events, it
is usually backed-off by the shorter (n−1)-gram. In our model,
we follow a similar approach in handling unseen events. We use
the Katz backoff with an absolute discounting method. If the
sequence Zi−n(m), wi−n+1

i is seen in the training dataset, or
f(Zi−n(m), wi−n+1

i ) > 0, then
PTDC(wi|wi−n+1

i−1 ) = P ′(wi|Zi−n(m), wi−n+1
i−1 ), (7)

otherwise PTDC(wi|wi−n+1
i−1 ) =

α(Zi−n(m), wi−n+1
i−1 )P ′(wi|Zi−n+1(m), wi−n+2

i−1 ),
(8)

where P ′ is the discounted probability and α is the backoff
weight. Note that the backoff method is not performed by elim-
inating word wn−1 in our model, but by sliding the window
Zi−n(m) to Zi−n+1(m). The backoff weight α is estimated as

α(Zi−n(m), wi−n+1
i−1 ) =

1−∑
wi:f(Zi−n(m),w

i−n+1
i−1

)>0
P ′(wi|Zi−n(m),wi−n+1

i−1 )

1−∑
wi:f(Zi−n(m),w

i−n+1
i−1

)>0
P ′(wi|Zi−n+1(m),wi−n+2

i−1 )
.

(9)
The history Zi−n+1(m), wi−n+2

i−1 on P ′(wi|Zi−n+1(m),

wi−n+2
i−1 ) is a shorter history of Zi−n(m), wi−n+1

i−1 . This is
done by sliding the window, so that window Zi−n(m) releases
the last word wi−n−m+1, and adding word wi−n+1 into the
window to become Zi−n+1(m). Recording these kinds of
events, is computationally expensive and therefore, as the win-
dow size is quite large, a topic change happens rarely. The as-
sumption is thus made that such a word exchange does not affect
the topic too much, or Zi−n+1(m) ≈ Zi−n(m).

5. Experiments and results
Here we compare our proposed method with several baseline
methods, namely a word-based/class-based LM, a cache-based
LM, and an LDA-based topic dependent LM. The comparison
is based on perplexity PP = 2−

1
N

log2 PLM (W ).
To decompose the matrix representation, we use the

SVDLIBC toolkit1. All nouns in this experiment are mapped
to a 200 dimensional LSA space. Then VQ clustering is carried
out in this LSA space using the Gmeans toolkit [10] for a given
topic size. In this study, we only conducted TDC 3-gram model.
No pruning is applied in the TDC LM, nor in the baseline meth-
ods. For each model, an interpolated model is defined as linear
interpolation given by

PLM ≈ λPLM1 + (1− λ)PLM2, (10)
where λ is the interpolation weight constant optimized on (0 <
λ < 1) with stepsize 0.1. In this paper, LM2 is a word-based
3-gram, while LM1 could be class-based, cache-based, LDA-
based, or the proposed method.

5.1. WSJ corpus

The data, taken from the Wall Street Journal (WSJ) corpus be-
tween the years 1987 and 1989, were divided into training and
test datasets. The vocabulary used is ARPA’s official ”20o.nvp”
(20k most common WSJ words with non-verbalized punctua-
tion). By adding a beginning sentence symbol <s>, an end
sentence symbol </s>, and an unknown symbol <UNK> to
map all out-of-vocabulary (OOV) words, the total vocabulary
size is 19, 982 words. Details of the word size, document size
and OOV rate for the training and test datasets are given in Ta-
ble 1. To filter nouns in the vocabulary, we used the TreeTagger
toolkit [11].

Table 1: Data statistics for WSJ.
Dataset # Words # Docs OOV Rate
Training 36,754,891 85,445 0.0236
Test 336,096 809 0.0243

The TDC perplexity for varying numbers of topic classes
and window sizes is given in Table 2. Comparisons with each
of the baseline methods are discussed in the following subsec-
tions. The best perplexity achieved by the TDC is 137.3 for
the stand-alone (see (6)) model and 96.0 for an interpolated
(see (10)) model, whereas the word-based 3-gram perplexity is
111.6. From these results we can see that increasing the win-
dow size improves the performance. But when increasing the
number of topics, the perplexity in the stand-alone model de-
teriorates. However, in the interpolated model, the perplexity
decreases. The reasons for this are explored in Subsection 5.1.1.

5.1.1. Comparison with statistical n-gram LM

The word-based n-gram LM is the most common LM currently
used in ASR systems. It is a simple yet quite powerful method
based on the assumption that the current word depends only on
the n−1 preceding words. A class-based n-gram LM [12] is an-
other way of avoiding data sparseness by mapping words into
classes. A common method to improve the n-gram LM is by
combining these two LMs using a linear interpolation method
(see (10)). To build these models, we used the HTK LM toolkit
[13] and the same smoothing method used in the TDC LM (Katz
backoff with absolute discounting). The class-based LM was
employed with 2000 classes. The perplexity is given in Table 3.
The best perplexity achieved by a conventional n-gram LM is

1http://tedlab.mit.edu/d̃r/svdlibc
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Table 2: TDC LM perplexity for WSJ corpus.
No #Topic Window Stand-alone Interpolated
1 10 159.8 105.0
2 20 153.7 103.7
3 40 146.8 101.9
4 20 80 141.8 100.5
5 160 138.8 99.7
6 320 137.3 99.2
7 20 141.8 100.5
8 40 80 153.8 99.6
9 80 163.7 98.2
10 160 186.5 97.8
11 80 320 154.2 96.2
12 640 153.4 96.0

Table 3: TDC and statistical n-gram LM perplexity for WSJ.
No Model PP #Parameters
1 Word-based 3-gram 111.6 14,020k
2 4-gram 101.4 24,285k
3 Class-based 3-gram 132.4 11,015k
4 4-gram 121.5 22,261k
5 Class-based 3-gram

+ Word-based 3-gram 106.4 25,035k
6 Class-based 4-gram

+ Word-based 3-gram 98.9 36,280k
7 TDC 3-gram

+ Word-based 3-gram 96.0 36,172k

98.9, while the TDC LM achieved 96.0 (see Table 2). This rep-
resents a relative improvement of 13.98% over the word-based
3-gram LM for perplexity. The stand-alone model of the TDC
LM performs worse than any word-based and or class-based n-
gram model. This is because in the TDC models the training
corpus is shrunk according to the number of topics. For in-
stance, when the number of topics is 20, each topic is trained
with 1

20
of the corpus on average. To prove this, we conducted

various experiments using a smaller corpus; 5%, 10%, and 20%
of the WSJ corpus was used with two models, the word-based
3-gram and the TDC 3-gram with a 320 window size and 20
topics. Figure 1 gives the relation between perplexity and train-
ing corpus size. A comparison between the word-based 3-gram
trained on 5% of the WSJ corpus and the TDC trained on the
full WSJ corpus shows that the performance of the TDC is far
better, thus confirming the hypothesis. Furthermore, the stand-
alone TDC is comparable with the word-based 3-gram model
trained on a 30%∼40% n-gram LM. This also explains why the
performance of the TDC LM in the stand-alone model deterio-
rates when the number of topics increases with a fixed window
size.

5.1.2. Comparison with cache-based LM

The cache model is based on the notion that words appearing
in a document will increase the probability of appearing again
in the same document. Given a history h, the unigram cache
model is defined by the following equation:

PCACHE(wi) =
f(wi ∈ h)

|h| , (11)

where f(wi ∈ h) denotes how many times wi occurs in the
history h. In this paper, we used a cache model with a fixed
word history (window) size. The TDC model is similar to this
model in the sense that the TDC model remembers nouns that
have been seen before (in the window). Thus the TDC model
should be comparable with a cache model with the same win-
dow size. The cache model is usually used in conjunction with
the word-based n-gram using linear interpolation (see (10)).
Since a cache LM is trained based on only a limited word his-
tory, the interpolation weight λ is usually very small. In this
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experiment, we used the default value from the toolkit.
To construct the cache LM, we used the SRILM toolkit

[14]. We used the default λ = 0.05 with window sizes vary-
ing between 10 and 640. For comparison, we employed the
TDC LM with a topic size of 20 and varying window sizes be-
tween 10 and 320, and with λ between 0.3 and 0.4. The results
are shown in Figure 2. According to this figure, the TDC LM
clearly outperforms the cache LM with respect to perplexity.
The performance of the cache LM improves as the window size
varies from 20 to 240 with perplexity 101.0, but then deterio-
rates with the window size between 320 and 640. With regards
the TDC LM, the perplexity improves up to 99.2 as the window
size increases.

5.1.3. Comparison with LDA-based topic dependent LM

The latent Dirichlet allocation based LM used in this paper
is based on reference [7]. This method (referred to as LDA-
ADAPT in the remainder of this paper) was proposed to avoid
the mismatch problem due to differences in domain, topic, or
styles occurring in a general LM. The method splits a large cor-
pus into some topics according to the LDA process by analyzing
named-entity words. Then a mixture model is built with mixture
weights calculated from analyzing the test corpus in advance.
This is a disadvantage if we wish to build a real-time system.
An LDA-ADAPT LM with Z topics is defined as follows:

PLDA−ADAPT (W ) =
N∏

i=1

∑

Z

γzPz(wi|wi−n+1
i−1 ), (12)

where mixture weight γ is calculated according to

γz =
n∑

i=1

P (z|wi)P (wi|d), (13)
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where P (z|wi) is obtained from LDA analysis. Finally, the
LDA-ADAPT is linearly interpolated with the general word-
based n-gram LM.

To ensure a fair comparison, we tried to make every param-
eter as similar as possible. We only considered nouns through
a noun-document matrix. The LDA matrix was obtained using
the Matlab Topic Modeling Toolbox2. We used the HTK LM
toolkit because it is able to load more than 9 LMs for interpo-
lation, unlike the SRILM toolkit which was used in the origi-
nal paper. We used 20 topics for comparison, which means 20
topic-specific LMs for the LDA-ADAPT. The perplexity calcu-
lations show that the stand-alone LDA-ADAPT achieved a per-
plexity of 104.5 while the interpolated LDA-ADAPT achieved
100.6 with λ = 0.6. Compared with the performance of the
TDC model given in Table 2, the stand-alone TDC model per-
forms worse than the LDA-ADAPT. This might be caused by
the pre-analysis of the test dataset of the LDA-ADAPT model.
However, the interpolated model is comparable with the TDC
LM with a window size of 80. Furthermore, the TDC is still
able to improve the perplexity up to 99.2 by increasing the win-
dow size to 320.

In terms number of parameters, TDC 3-gram model with
20 topics and 80 window size has 19, 971, 505 parameters. The
LDA-ADAPT, with the same number of topics and a com-
parable performance, has more parameters, which is about
20, 688, 313. While the performance of TDC is increasing
when the window size become larger, there is a consider-
able amount of decreasing in number of parameters, around
100, 000 − 400, 000 parameters when increasing window size
from one to another of 10, 20, 40, 80, 160, and 320 window
size.

5.2. Mainichi Shimbun corpus

The training data were taken from the Mainichi Shimbun cor-
pus (Japanese news articles) for the years 1991 to 1998. Data
from the Mainichi Shimbun for January 1999 were used as the
test dataset. Normally, Japanese text does not have spaces be-
tween words. For this task, we used the Mecab toolkit3 (Yet
Another Part-of-Speech and Morphological Analyzer), and con-
verted the corpus into basic units, word + part-of-speech. The
vocabulary size is 20k words, taken from the most frequent
words. With a beginning sentence symbol <s>, an end sen-
tence symbol </s>, and an unknown symbol <UNK> to map
all OOV words, the total vocabulary size is 20, 001 words. The
statistics for the training and test datasets are given in Table 4.

Table 4: Data Statistics for Mainichi Shimbun corpus.
Set #Words #Docs OOV Rate

Training 207,215,663 855,825 0.0411
Test 2,582,469 9,280 0.0437

We conducted this experiment only with a large number of
topic classes and a large window size, 80 and 320, respectively.
The baseline cache-based LM was executed with an increas-
ing window size from 20 to 640, and the best perplexity was
achieved with a window size of 160. All model’s perplexities
are given in Table 5. Of all the baseline methods, it can be seen
that our model gives the best perplexity 55.9 with λ = 0.5. This
is a relative improvement of about 15.56% on the word-based 3-
gram LM. λ = 0.5 means that the contribution of the TDC LM
in capturing the global constraint is similar to the contribution
of the word-based 3-gram LM in capturing the local constraint.

2http://psiexp.ss.uci.edu/research/programs data/toolbox.htm
3http://mecab.sourceforge.net

Table 5: Results for Mainichi Shimbun corpus.
No Model PP #Parameters

1 Word-based 3-gram 66.2 38,078k
2 4-gram 61.4 84,587k
3 Class-based 3-gram 92.0 22,228k
4 Class-based 3-gram

+ Word-based 3-gram (λ = 0.1) 64.8 60,306k
5 Cache

+ Word-based 3-gram (λ = 0.05) 59.9 40,661k
6 TDC 3-gram 76.3 77,274k
7 TDC 3-gram

+ Word-based 3-gram (λ = 0.5) 55.9 115,353k

6. Conclusions and future works
We have demonstrated the superiority of the TDC LM over sev-
eral baseline methods, namely the statistical word-based/class-
based n-gram LM and the cache-based LM. The TDC also per-
formed better than the LDA-based topic dependent LM. The
TDC LM achieved a relative perplexity improvement over the
word-based 3-gram of 13.98% and 15.56% for the WSJ and
Mainichi Shimbun corpora, respectively. In future research, we
aim to analyze further the LSA dimension size and explore other
n-gram LMs. A soft-decision on voting is also a promising re-
search plan. LSA and VQ in the TDC framework may be re-
placed by PLSA or LDA to minimize errors. We are also look-
ing forward to conduct ASR system experiments.
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