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Modeling a modern POS tagger using HMM and Viterbi Algorithm
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The paper presents a modern way of an improved POS tagger which was modeled by using Hidden
Markov Model and Viterbi Algorithm. The algorithm provides ideas for handling unknown words. This
issue is caused by such words that have the same spelling but relate to complete different parts of speech
and have various meanings. The accuracy of such POS tagger exceeds 96%. Such algorithm’s accuracy
was analyzed to other existing algorithms and suggestions were provided.
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Jlannaa cmampa onucvigaem pazpadomky YIAy4UieHHO20 Onpedenumens vacmeil pedu 3a cuem
ucnonvzoeanus ckpoimoii Mapkoeckoit mooenu u ancopumma Bumepou. Jlannwvii anzopumm
npedocmasensiem uoeu moz20, KaK HEU36ECMHbIM C106aM, KOmMOpble He HAX00AMCA 6 0aHKe Cloe,
Modcem 0bimb NPUCEOCHA ONPEOECHHAA YACMb PeYU C GblCOKOU eepoamHocmbvlo. /lannblii 6onpoc
603HUKaAem 6 C6éA3U C meM, Ymo OOCHAMOYHO 001bUiOe KOAUYECHE0 OOUHAKOGHIX €106 (no
NPAGONUCAHUIO) UMEIOM PA3HBIIL CMbICT U OMHOCAMCA K PA3IudHblm yacmam peuu. Tounocmo
onpedenenusn npeevluiaem makozo anzopumma 96%. boin npouszgeden ananus dannozo anzopumma c
Opy2umMu  UMEIOWUMUCA ANZOPUMMAMU U  MAaKdce Obliu  NpeodioHceHvl uoesa no Yiay4yuleHuro
npou3600UmMenbHOCMU ANIZOPUMMA.

Knrwoueswvie cnosa: ckpbitas MapkoBckas MO/ieNb, aITOpUT™M Butep6u, onpenenurens yacTeil peuu.

In this paper, we present the technology of using Hidden Markov Models (HMM) that we
believe is very effective for creating a part-of-speech (POS) tagger. Accuracy of the POS tagger
using this technology exceeds 96.3%. We discuss the case of handling unknown words.

1. Introduction

Part of speech tagging is the process of assigning to each word its correct part of the speech,
based on both its definition, as well as its context i.e. relationship with adjacent and related
words in a phrase, sentence, or paragraph [1].

The biggest difficulty of POS tagging is the fact that a single word can have multi part of
speech tags assigned to it depending on the context of its usage. Let’s consider the following
example:
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Pronoun Verb Noun
Modal Article

To overcome this problem, there are two solutions:

1. Some tag sequences are more likely comparing to other tag sequences. For
example, the probability of having a verb is more likely than using an article after a
modal [2].

2. For specific word, probability of a certain tag is more comparing to other tags. The
word “Dog” is most commonly used as a pronoun other than using as a verb [3].

By combining a probability of these two factors we were able to predict part of speech tags
with higher accuracy.

2. Architecture

2.1. Dataset
There have been two datasets used to train the model. First, we used a reduced version of the
Penn Treebank that is freely distributed with the NLTK POS tagging library. Moreover, we also
tagged a large amount of data spanning many different knowledge domains using the Stanford
POS tagger. The Stanford POS tagger was used in order to more accurately train the model
onsidering the fact that some of it had to be kept aside as testing data [4].
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2.2. Hidden Markov Model

Hidden Markov Models are generative models, in which the joint distribution of observations
and hidden states, or equivalently both the prior distribution of hidden states and conditional
distribution of observations given states is modeled. HMMs have found a wide range of usage
among machine learning applications [5]. These applications also use different techniques
including but not limited to Markov Decision Processes, Partially Observable Markov Decision
Processes, Markov Chains etc [6].

The four main components of the Hidden Markov Model are the following:

1. States: in this case the tags that are assigned to a word are the states. There are 36 tags used
in this model.

2. Initial Distribution: It is the initial distribution of the probability of the observed states
which are in our case a set of 36 POS tags.

3. Emission Probability: The conditional distribution of observations given some states is
called emission probability. In this model, It is the probability of a particular word given a
tag: P(word|tag) [5,7].

4. Transition Probability: The conditional probability distribution of the hidden state is called
Transition Probability. In this model, P(tagt|tagt-1) is the transition probability [7].

In this model, sentences as a sequence of tokens (both words and punctuations) were used
where the probability of a taken taking on a certain speech depends on what part of speech we
assign to previous word making it a 1* order HMM. The most probable sequence of POS tags
given a sentence is obtained by using the Viterbi algorithm [8,9].
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2.3. Training and model creation

During the staining set, the emission probability of a token and its features as well as the
transition probability of a tag given the tag assigned to the previous token must be
calculated. The maximum likelihood estimates of all three are provided below. Here, feature
ij indicates the j™ feature of the i" token. The details regarding the features can be found in
the subsequent sections. This model currently contains around 130,000 unique tokens.

__ Count(t,w,)
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2.4. Handling unknown words

There are a potentially infinite number of character sequences for a single token that
the POS tagger can encounter and it is impossible for the training step to account for the
emission probabilities for each of them. Handling unknown words is a similar process to
detecting whether a certain email should be considered as ham or spam [10]. An email
may appear to seem ham, although it was sent by someone who is unknown. As
mentioned above, it is a very tough task to determine whether the email follows
legitimate purposes or not. When the POS tagger encounters previously unseen tokens,
the emission probabilities for them are calculated to be zero, thereby incorrectly tagging
the entire sentence. This process is in some way similar to detection of pulsed signals in
uniform or non-uniform sampling [11]. When the sampling is unknown, there are
different techniques to use to determine the type of sampling.

We therefore estimate the probability of an unseen token by a weighted linear
combination of the probabilities of its features. There are currently six such features
which include all token suffixes of length 5 to length 1 and a Boolean value indicating
whether the token starts with a capital letter or not. The last feature is used to
discriminate between nouns and proper nouns. An example of an unknown token being
broken up into its features is given below:
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While working on this problem, we found that suffixes are very strong indicator of part of
speech tag. For example, words ending with “able” are adjectives with a probability of 98%
and nouns with a probability of 2%. Similarly, about 90% of all words at the beginning of a
sentence and ending with “ing” were found to be gerund verbs. The equation of the
probability estimate of an unknown token, given its features is given below:

P(word) = A, * P(feature,) + A, * P(feature,) + --- + A, * P(featurey,)

AI+AZ++Ak= 1

2.5.  Implementation

After creating a model from training date, the test sentence and model are passed to the
part of speech tagger which consists of sentence tokenizer, HMM and Viterbi engine [9,12].
The sentence is broken down into tokens according to the Penn Treebank guidelines. These
tokens serve as the observation nodes for the HMM of length N, where N is the number of
tokens. Once the HMM s created, the most probable sequence of tags for the token
sequence is generated using the Viterbi algorithm [9].
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3. Conclusion

The overall accuracy of the modeled part of speech trigger is 96.35% which is high
enough comparing to other speech taggers available in the market at the moment
[1,2,4,7]. Although the overall accuracy is high comparing to other taggers but there has
been a drop detected when gathering data from Penn Treebank.

The graph below shows the accuracy for reliable assignments for Penn Treebank,
Stanford Tagger and a modeled tagger.
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