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ABSTRACT 
In applying statistical language modeling, directly adding 
training data (e.g. from website) may not always improve the 
performance of language models because the data may not 
be suitable for the application or contain errors. This paper 
presents a method of combining multiple heterogeneous 
corpora to improve the resulting language models, called 
compressed context-dependent interpolation scheme. The 
basic idea behind our method is that we not only want to 
filter good data, but also want to balance it among all the 
training data in order to give greater emphasis to data that 
better matches real usage scenarios or better balances our 
overall training set. Improvement on the accuracy of phone-
character conversion has been observed in our experiments. 

1. INTRODUCTION 

Statistical language modeling (SLM) has been widely used in 
many applications, such as speech recognition [1], information 
retrieval [2], and spoken language understanding [3]. The typical 
approach of SLM in speech recognition system is to build an n-
gram language model (LM), which is relatively easy to be 
incorporated into a recognizer and has been demonstrated to be 
highly effective. N-gram models estimate the probability of the 
word given its preceding word string as conditional probability, 
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N-gram models are very successful when enough text data are 
used to estimate the model parameters. However, for many real 
tasks such as speech recognition, n-gram models suffer from the 
sparse-data problem because large amounts of domain-specific 
training text are not available. To deal with this problem, several 

methods [4-8] have been proposed to improve language 
modeling by combining data sets from different domains, and of 
mixed quality. 

Previous approaches to combining training data can be grouped 
into two categories: combining counts, and combining models. In 
the former, n-gram counts from different corpora are combined 
with different weights. Although the method is simple and 
efficient, the weights are determined in an ad hoc fashion. In the 
latter approaches, several models are first generated on different 
corpora, and then combined by linear interpolation. Interpolation 
weights are tuned by using EM algorithm. In addition to the 
inefficiency of the EM, this approach suffers from the sub-
optimal weight tuning because perplexity, which is used as the 
metric of tuning weights, does not always have a strong 
relationship with the performance of the combined models. 

To our knowledge, most previous approaches are based on the 
assumption: the more data the better. That is, more training data 
will surely improve the performance of an n-gram model. 
However, this assumption is not always true in real applications. 
A large portion of available data, such as the web data, is of 
highly variable quality and contains errors. Directly adding them 
into training corpus will usually hurt the performance of the 
resulting LM. How to combine multiple heterogeneous data 
corpora effectively is the focus of this study. 

In this paper, we propose a new approach of combining multiple 
heterogeneous data corpora, called compressed context-
dependent interpolation scheme. Our method first filter good 
data from the variable-quality corpora, and then combine two 
data sets by n-gram counts based on context-dependent 
interpolation. The interpolation weights are tuned in a way to 
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seek the balance among data sets according their relative 
contributions to the performance. Experimental results show that 
this approach brought a 16.5% reduction in error rate of phone-
character conversion. We also implement traditional methods 
such as linear interpolation, for the sake of comparison. 
Unfortunately, these methods achieved no improvements partly 
because their assumption was not satisfied in our experiment 
settings. The results also indicate that a corpus of even poor 
quality is not necessarily useless, and is still possible to be 
utilized to improve the performance of the LM. 

In Section 2, we discuss prior SLM research and related works 
on LM combination. In Section 3, we propose our new algorithm, 
the compressed context-dependent interpolation scheme. In 
Section 4, we compare our method with previous methods, and 
present experimental results. Finally, we present our conclusions 
in Section 5. 

2. TRIGRAM AND LM COMBINATION 
N-gram models, which estimate the probability of a word given 
its n-1 previous words, are one of the most successful forms of 
LM. In practice, n is usually set to 2 (bigram), or 3 (trigram). For 
simplicity, we restrict our discussion to trigram model, P(wi|wi-

2,wi-1), which assumes that a word depends on the previous two 
words. But our approach extends to any n-gram.  

One of the key issues in language modeling is the lack of 
training data (i.e. the sparse-data problem). For many specific 
tasks, it is difficult to collect enough high-quality training data to 
build a robust language model. A large amount of available data 
is of variable quality (e.g. out-of-domain, or from website). 
Naturally, we would like to utilize this large data set to improve 
the language modeling. 

The most common way to utilize the variable-quality data is to 
use Brute-Force approach. It generates a single model based on 
counts from both the original training data (seed set) and the 
variable-quality data (optional set) as follows: 
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where Css(wi-2,wi-1,wi) is the count of word sequence  wi-2wi-1wi 
in seed set; while  Cos(wi-2,wi-1,wi) is the count of  wi-2wi-1wi in 
the optional set.  

The Brute-Force approach is simple and efficient. It equals 
putting all data sets together and then training an LM. But this 
method can not guarantee the performance improvement, 
especially when the combined data sets are of variable-quality. 

Instead of combining counts, one might also directly combine 
two language models trained on the two data sets respectively 
using a single interpolation as follows: 
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where Pss(wi|wi-2,wi-1) is the trigram probability of the LM 
generated on the seed set,  Pos(wi|wi-2,wi-1) is trigram probability 
of the LM trained on the optional set. The interpolation weightλ  
is tuned by EM algorithm using a cross-validation-like approach. 
Although the Single Interpolation Scheme is much more 

effective than Brute-Force Technique, it is still sub-optimal 
because perplexity is the tuning metric and its correlation with 
error rate is not as strong as once thought. 

Recently, several improvements over traditional methods of 
count combination and model combination have been proposed. 
For example, the n-gram distribution based method [8] combines 
counts from different data sets by n-gram distribution adaptation. 
However, to our knowledge, almost all previous algorithms are 
based on an assumption: the more data the better. It is true 
because having more data can cover more language features. But 
blindly adding new corpus will sometimes hurt the model 
because the quality of the adding corpus may be poor (unsuitable 
to the application domain, or containing errors). Therefore, the 
negative effect of introducing noise will probably outweigh the 
positive effect of having more language features.  

3. CONPRESSED CONTEXT-DEPENDENT 
INTERPOLATION SCHEME 

As described in the previous section, most previous LM 
combination methods assume that the more data the better. But 
for many real tasks, such as large vocabulary speech recognition, 
a large portion of available data (e.g. web data) is of variable 
quality, and may contain errors (e.g. incorrect language usages). 
If these corpora are directly added into training data, it is highly 
possible that the performance of the resulting LM will be hurt.  

Even for these “bad” corpora, it is still possible to utilize a 
portion of them to improve the performance of the LM. We 
propose a new approach to combining data. Our methods 
consists of three steps: (1) we first filter good data from the 
variable-quality corpora; (2) we then use the Witten-Bell 
smoothing technique [9] to estimate the context-dependent 
interpolation weights, and (3) we finally combine the seed data 
set with the variable-quality data sets at the level of  n-gram 
counts.  

We denote the good-quality training data set as seed set, and 
denote the other training sets of variable-quality as optional sets. 
Our approach combines trigram counts using the formula shown 
below: 
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Here Css(wi-2wi-1wi) is the counts that wi-2wi-1wi appears in the 
seed set, Cos(wi-2wi-1wi) is the counts that wi-2wi-1wi appears in the 
optional set, Nss and Nos are respectively the total counts of 
trigrams in the seed set and optional set. Rss(wi-1wi) is the number 
of unique words following the bigram wi-1wi in the seed set.  

We discount the n-gram counts of the optional set by 
os

ss

N
N  for 

two reasons. First, we want to compress the optional set into the 
same size with the seed set. Usually, the optional set is much 
larger than the seed set, directly interpolating the two count 
models will be meaningless. Second, this discount is also used to 



filter good data from the optional set. We only keep those n-
grams with counts larger than a threshold, because highly-
frequent n-grams are very likely to be correct. On the contrary, it 
is difficult to decide whether a low-frequency n-gram is right or 
not. So we simply do not take them into consideration. 

Notice that the interpolation weight α  is no less than 0.5. Thus 
we always give more emphasis on the seed set. The larger the 
α  is, the more possible that the seed set itself is enough for LM 
training. On the contrary, if α is relatively small, the seed set 
will not be considered containing sufficient information for LM 
training, and we will try to improve the training by picking up 
supplemental information from the optional set.  

Since Equations (3.1) and (3.2) use discount and context-
dependent data-driven interpolation weights, this algorithm will 
be referred to as the compressed context-dependent interpolation 
(CCDI) approach afterwards. 

4. EXPERIMENTS 
We test our approach in the application of large vocabulary 
traditional Chinese speech recognition. In order to simplify the 
decoder, we do not take into account the acoustic ambiguity. We 
collected about 2.1 gigabytes of traditional Chinese text data, 
which contain several Taiwan newspapers and web news. 
Among them, only about 420 megabytes corpus is of good 
quality and is used as the seed set (SS), while the remaining 1.7 
gigabytes of data which contains many errors (e.g. wrong usages) 
is used as the optional set (OS). We also collected an 1 megabyte 
balanced test data, along with 1 megabyte balanced developing 
data used to estimate the interpolation weight for single 
interpolation scheme. The lexicon we used contains 43,818 
entries. 

In our experiments, all language models were pruned to the 
proper size using a entropy-based cutoff method [10]. We 
compared different LM combination approaches in terms of both 
perplexity and character error rate (CER) of phone-character 
conversion. While perplexity is the most common metric for 
evaluating a LM, CER is a measure that we are particularly 
interested in because it is strongly correlated to the performance 
of a speech recognizer. The experiment results are shown in table 
1. 

We first combined data sets by Brute-Forth (BF) approach, 
which is equal to putting all corpora together. The results are 
even worse than the baseline system, which used the SS as 
training data only. It turns out that more data does not always 
lead to better performance in our experiments. Unsurprisingly, 
we found that most other traditional approaches to combining 
counts or combining models, such as the single interpolation 
scheme, do not work in our situation as shown in Table 1.  

 

Data Approach Perplexity CER 

SS Baseline 181.07 7.72% 

OS  1199.75 15.22% 

SS + OS BF 317.35 8.21% 

SS + OS SI 193.26 8.38% 

SS + OS CCDI 184.80 6.44% 

Table 1: Perplexity and CER results using the brute-force (BF) 
approach, the single interpolation (SI) scheme, and the 
compressed context-dependent interpolation (CCDI) approach, 
compared to the baseline LM trained on the seed set. 

We then performed experiments of combining n-gram counts by 
CCDI. The results are very encouraging. We achieved 16.5% 
error rate reduction over the baseline system. The results show 
the effectiveness of our method. 

We also found that while we obtained a reduction in CER by the 
CCDI approach, a slight increase in perplexity is observed. The 
fact that perplexity increases correspond to the better recognition 
results is also reported in [5,8]. It shows that perplexity might not 
be a good measure to evaluate the performance of an LM. Recent 
research in LM evaluation measures [11] may help to find a 
better criterion for estimating language model interpolation 
weight. 

5. CONCLUSION 

In this paper, we present a new algorithm, the compressed 
context-dependent interpolation approach, to combine 
heterogeneous corpora at the level of n-gram counts. We first 
pick up correct information from variable-quality corpus, and 
then interpolate it with good-quality corpus using context-
dependent interpolation weight. Experimental results show that 
the CCDI approach achieve a 16.5% reduction in CER of phone-
character conversion, while most previous approaches do not 
work in our experiments because the assumption they are based 
on, “ the more data the better”, did not satisfied. The basic idea 
behind our method is that we not only want to filter good data, 
but also want to balance it among all the training data in order to 
give greater emphasis to data that better matches real usage 
scenarios or better balances our overall training set.  
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