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Many of modern language processing systems use part-of-speech (POS) tagger a separate module of their architecture. Tagging is a process of assigning part-of-speech tags (such as noun, adjective, past participle, etc. in English) to word of a text. The text is preliminary segmented into tokens that are words and punctuation marks and split into sentences. A single input of the tagger is a sequence of tokens which represents a separate sentence. The tagger annotates each input token with a unique part-of-speech tag that represents a syntactic category of the token. After annotation sentences may be passed to a parser or used in various language processing applications (text to speech, corpus annotation systems, etc.). For all of these applications the tagger with the maximum accuracy and speed is required.
There are several main approaches to POS tagging [1, 2], including supervised and unsupervised, stochastic (Markov model, maximum entropy [3], etc.), finite-state, rule-based [4], memory-based [5], neural. Recent researches have shown that a supervised tagger based on second order Markov models in a combination with techniques for smoothing and handling unknown words achieves state-of-the art results both for accuracy and speed [6]. Due to efficiency and relative simplicity of the underlying model it is a good solution for many language processing systems that require tagging. We used this model as a base in our experiments, and provided additional improvements. The results of tagging on Wall Street Journal (WSJ) and Lancaster-Oslo/Bergen (LOB) corpora of English are presented.
Trigram model
The description of the trigram model is provided by Brants [6]. Second order Markov models are used where states of the model are pairs of tags. Transition probabilities depend on states of the model and output probabilities depend only on the most recent category. For a sequence of tokens w1..wT of the length T the following is calculated:
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t1..tT are tag variables that correspond to tokens of the sequence, t-1, t0 and tT+1 are additional sentence bound markers. Transition and output probabilities are approximated by statistics derived from the corpora. As a first step the maximum likelihood probabilities are evaluated: 
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where t1, t2, t3 are elements of the tagset, w3 – token from the lexicon, N is the total number of tokens in the training corpus, f are frequencies of corresponding combinations of one, two or three tags and token with tag, taken from the corpus. A maximum likelihood probability is defined to be zero if both nominator and denominator are zero.

Due to sparse data problem a smoothing technique is used. Trigram probabilities are estimated by linear interpolation:
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where λ1 + λ2 + λ3 = 1.

Values λi are evaluated to optimize the precision of the tagger, independently from the context. For values P(wi,ti) and P(tT+1| tT) from formula (1) the corresponding maximum likelihood probabilities are used. The method of suffix analysis is used to estimate P(wi,ti) for unknown words.

Extended model
We decided to extend the trigram model. Along with maximum likelihood probabilities (2)-(5) for tag transitions we evaluate the maximum likelihood probabilities for token with tag pairs. 
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for every witi – token-tag pair from the training corpus.

The sparseness of the data for token-tag probabilities is greater than for tag probabilities (2)-(5). In addition we remove infrequent bigrams and trigrams in order to reduce the size of the received statistics, and to avoid random errors of corpora. Again the probability is defined to be zero if both nominator and denominator are zero, and the same linear interpolation smoothing technique is used. The formula (6) will be transformed to the following formula.
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where μ1 + μ2 + μ3 + μ4 + μ5 = 1.

Values μi may be determined analogously to λi. Empirically we found that the following values perform well. 
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Results

Models (6) and (9) were tested on Wall Street Journal (WSJ) part of Penn Treebank and Lancaster-Oslo/Bergen (LOB) corpora. The standard Viterbi algorithm for second-order Markov models was applied. We used so-called ten-fold cross-validation technique, which assumes 10 train-test iterations. Each iteration uses different subdivision of the corpus into the training 90% and testing 10%. Wall Street Journal corpus consists of about 49000 sentences (1.17 million tokens) tagged with 43 tags. LOB corpus consists of about 54000 sentences (1.16 million tokens) tagged with 110 tags. The accuracy of tagging is the percentage of correctly assigned part-of-speech tags comparing to the total number of assigned tags (that is equal to the number of tokens). 
The summary of the results is provided in Table 1. The implementation of the initial trigram model (6) shows the accuracy of 96.53% on WSJ. The result for LOB corpus is 97.46%. The model (9) delivers 96.78% on WSJ and 97.80% on LOB.
	Model
	Accuracy, WSJ, %
	Accuracy, LOB, %

	Model (6)
	96.53
	97.46

	Model (9)
	96.78
	97.80


Table 1. Tagging results

Conclusion

We presented the extended trigram model for statistical part-of-speech tagging. Comparing to the standard trigram model the proposed one includes additional coefficients that take into account bigram and trigram frequencies of token-tag pairs. The results received on corpora showed the decent improvement of tagging accuracy.
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