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Abstract 

It is shown that the enormous improvement in the size of 

disk storage space in recent years can be used to build multiple 

word-domain statistical language models, one for each 

significant word of a language.  Each of these word-domain 

language models is a precise domain model for the relevent 

significant word and when combined appropriately they provide 

a highly specific domain language model for the language 

following a cache, even a short cache.  A Multiple Word-

Domain model based on 20,000 individual word language 

models has been constructed and tested on a Wall Street Journal 

Corpus.  Improvements in perplexity, between 25% and 68%, 

over a base-line tri-gram model have been obtained in tests 

1 Introduction 

A human is able to work out the precise domain of a spoken 

sentence after hearing only a few words.  The clear identification 

of this domain then makes it possible for a human to anticipate 

the following words and combination of words and thus 

recognize speech even in a very noisy environment..  This 

anticipation still cannot be replicated by Statistical language 

models.   

Statistical language models have been improving slowly 

over the last 20 years due to added complexity and larger 

training corpora, and using the greatly improved processing 

power of digital computers.  However, they have not been using 

effectively the enormous increase in the availability of disk 

storage space, which makes it possible today for a student to buy 

a 300 GigaByte disk for games and music.  This paper suggests 

one way in which this huge improvement in technology can be 

used to bring a significant improvement in language modeling, 

and take a step towards the building of a fairly precise domain 

model after only a few words of a text 

The multiple word-domain language model is based on a 

simple idea: it extends the idea of cache models [1] and trigger 

models [2] by triggering a separate n-gram language model for 

each content word in a cache and combining them to produce an 

combined model. 

This is done as follows.  A training corpus for each 

significant word is formed from the amalgamation of the text 

fragments in which that word appears, taken from a large global 

training corpus. In this paper the text fragments are the sentences 

in which the significant words occur.  Experiments have shown 

that larger fragments are not needed.  A significant word is any 

word that significantly contributes to the context of the text.  We 

define this as any word which is not a stop word, i.e. not articles, 

conjunctions or prepositions and not some of the most frequently 

used words in the language such as “will” and not common 

adverbs and adjectives such as “now”, “very”, “some”, etc. So 

we assume that all other words are significant and a corpus is 

built for each.  A statistical language model is then calculated 

from this corpus, i.e. from all of the sentences containing the 

word.  So it should be able to represent the domain of that word. 

There are a very large number of individual word language 

models (we have already generated 20,000 of them). The only 

requirement is enormous quantities of disk space which are now 

available even on a PC.  

2 The Language Models 

It was found in experiments that we needed to combine the 

global language model with the individual word-domain models 

to obtain good results.  (This may be due to the limited size of 

the global corpus in our tests. 40 MByte.)  So we first build a 

language model for the whole global corpus. Frequencies of 

words and phrases are derived from the corpus and the 

conditional probability of a word given a sequence of preceding 

words is calculated. The individual conditional probabilities are 

approximated by the maximum likelihoods:  
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the text.  These probabilities are smoothed by one of a number of 

well known methods such as Turing-Good estimation [3], the 

Katz back-off method [4] or others. Although any of these could 

be used in our experiment to demonstrate the principle of our 

multiple word-domain model it was convenient to use the 

empirical weighted average (WA) linear interpolation n-gram 
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model [5] because of its simplicity.  It gives results comparable 

to the Katz back-off method but is much quicker to use. The 

weighted average probability of a word w given the preceding 

words nww �
1 is: 
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where the weighted functions (in the simplest case) are given by: 
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T is the number of tokens in the corpus and )( 1
m

imwf −+  is the 

frequency of the sentence mim ww �−+1  in the text.  

The unigram maximum likelihood probability of a word is:  
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The language model defined by equation (2) and (4) is called 

the global language model when trained on the global corpus. 

Following the creation of the global model comes the creation of 

a language model for each significant word, which is formed in 

the same manner as the global language model.  

3 Probability Models 

We need to combine the probabilities obtained from each 

word domain language model and from the global language 

model, in order to obtain a combined probability for a word 

given a sequence of words. One simple way to doing this is an 

arithmetic combination of the global language model and the 

word language models in a linear interpolated expression as 

follows:   
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i wwP  is the conditional 

probability in the word language model for the significant word 

iw , iλ is the correspondent weight and m is the number of word 

models that are included. 

Ideally the iλ  parameters would be optimised using a held-

out training corpus; however this is not practical as we do not 

know which combination of words iw  will arise in the cache. 

So a simpler approach is needed. 

3.1 Linear Interpolation 

A simple way of choosing the λ values is to give the same 

weight to all the word language models but a different weight to 

the global language model, and put a restriction on the number 

of word language models to be included. This weighted model is 

defined as: 
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and λ and m are parameters which are chosen to optimise the 

model. 

3.2 Weighted Probability Model 

The weighted probability model is based on the idea that the 

weight given to a word language model should depend on the 

size of the training corpora. It is described in the following 

equation: 
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where Globalβ  is the weight for the global language model and 

iβ is the weight for the word model for the word iw . We give 

more weight to those word models with small training corpus, as 

they represent models for the less frequent words which 

therefore have the most information. The weights used are 

functions of the size of the word training corpora, that is, of the 

number of tokens of the training corpora Ti. The optimum 

functions were found by experimenting with the weights in 

Table 1. 

Table 1: Some of the weights used in this model 

Weights 

Ln(1+LnTi) 

Sqrt(LnTi) 

LnTi

Sqrt(Ti) 

Ti/LnTi

Ti

TiLnTi

4 Frequency Models 

Instead of combining probabilities to obtain a dynamic 

language model, it is also possible to combine frequencies before 

calculating probabilities, i.e. a revised maximum likelihood, 

replacing equation (1), is: 
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This can then be combined using the WA model in equation 

(2). This simple method is automatically normalised and it is 

easy to implement and fast to execute. The choice of λ is still 

critical but cannot be optimized from a held out corpus for the 

same reason that the λ’s in equation (5) cannot be optimized: we 

do not know beforehand which combination of words will occur 

in the cache. For the frequency model we also combine the 

frequencies using the same methods that are used for 

probabilities.  

5 Methods of testing 

Perplexity is a well known measure of the performance of a 

language model [6]. We calculate the perplexity of each 

sentence, 
n

w1 , using the formula: 
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There are two methods of calculating the constituent 

probabilities on the right hand side of equation (10) using the 

word domain language models, one a priori (as reported in 

earlier papers on this method [7, 8]) and the second a posteriori. 

5.1 A Priori Method 

In the a priori method at the beginning of the sentence, since 

we do not know which significant words are going to appear in 

the sentence, we use the global language model and possibly 

individual word models from earlier sentences (i.e. from the 

cache). We then add in a word language model for each 

significant word after it appears in the sentence. Thus in the 

sentence  

“The cat sat on the mat” 

neglecting previous sentences, the first two words are modeled 

using the global language model, the probability P(sat| the cat) is 

calculated using the global model combined with the word for 

“cat”, and the last three words are modeled using the global 

model combined with the word models for “cat” and “sat”. 

5.2 A Posteriori Method 

However this is not the only way in which models are tested. 

We found that for example in domain language models, the 

researchers extract a whole sentence, paragraph or document 

from the test file, find all the significant words within it and then 

they use all of these words to perform an optimisation of the 

possible domains to find the domain or combination of domains 

to minimize the perplexity [9,10,11]. 

To make comparisons with these other domain methods we 

have also used this a posteriori method to calculate perplexity in 

our model. Firstly all significant words in a sentence are 

extracted, then a language model is built based on the global 

model and the word domain models for the significant words. 

This is then used to calculate the perplexity of the whole 

sentence. In the example above, “The cat sat on the mat”, the 

perplexity is calculated using the global model combined with 

the word domain models for the three words “cat”, “sat” and 

“mat” for the whole sentence. 

6 Corpus 

The methods described above were compared in some 

experiments using the Wall Street Journal (WSJ) corpus [12]. To 

compare how the models depend on the size of the training 

corpus, we test the models in two subsets of the WSJ of 16 

million (1988) and 6 million words (1989) approximately. The 

well known WSJ test file [12] contains 584 paragraphs, 1869 

sentences, 34781 tokens and 3677 words types. The results 

reveal a lower perplexity for the larger 16 million word corpus 

(as we would expect). So only these results are shown in this 

paper.  

7 Results 

The  results are shown for the probability model in Tables 2 

and for the frequency model in Table 3.  

One of the important characteristics of the frequency models 

is that the probabilities are normalized. This makes this model 

very quick to calculate as well as being accurate. So this is the 

version we recommend. 

For these models, the number of word models in the cache to 

reach the maximum performance is 16 and 27 words for the 

probabilistic and frequency models respectively. So the multiple 

word-domain language model reduces the size of the cache 

needed from 500 words as in other models [13, 14] to less than 

30 words, which is important for spoken language and closer to 

the ability of humans. 

8 Conclusions 

We have shown that the improvement obtained with the a 

posteriori method is well above that obtained for other more 

computationally expensive domain methods. We accept that a 

posteriori testing gives an advantage to the multiple word-

domain model; nevertheless they may be more appropriate for 

word error rate tests.  For perplexity, we feel that the a priori

results are more probably accurate. However, for humans both 

are important. 

 Humans probably hear the sounds of several words spoken 

before using a form of human language model to make a 

sensible sentence from the sounds, particularly when there are 

corruptions. So the idea of using all the words in a sentence to 

define the domain might be more appropriate than the a priori

method. 



Although we accept that 69% improvement obtained in the a 

posteriori test exaggerates the performance of the multiple word-

domain model, we still believe that the use of multiple word-

domains, which needs only large amounts of cheap disk space, 

more precisely models the domain environment of any piece of 

written or spoken text more accurately than any other domain 

method. Word error rate measurements are needed to confirm 

this. 

Table 2: Improvement in a priori and a posteriori perplexity for 

different probabilistic models with respect to a basic 3-gram 
model  

Models 3-gram 5-gram 
Best 

Values 

 Global 

Model 
0% 19%  

 Linear 

interpolation 

Probability 
Model 

9% 24% 
λ=0.6          

WM=27 

A Priori Weighted 

Probability  

Model 

11% 25% 
Sqrt(Ti)       
WM=23 

A 
Posteriori 

Weighted 
Probability  

Model 

64% 68% 1/Ln(Ti)      

Table 3: Improvement in a priori and a posteriori perplexity for 

different frequency models with respect to a basic 3-gram model  

Models 3-gram 5-gram 
Best 

Values 

 Global 

Model 
0% 19%  

 Linear 

Interpolation 

Frequency 

Model 

8% 21% 
λ=0.05         

WM=16 

A Priori Weighted 

Frequency  

Model 

24% 30% 
Ln(Ti)/Ti      
WM=28 

A 

Posteriori 

Weighted 

Frequency  

Model 

67% 69% 1/TiLn(Ti) 

*calculations are in progress. 

Note that the change from 26% to 69% is not an improved 

performance, but rather two different measures of the 

performance, the second more appropriate for comparison with 

some other domain models.  
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