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1 Introduction

Currently human-computer interaction is limited by the use
of mouse and keyboard. It would be an improvement when
humans could communicate through language and speech
with intelligent devices in their environment. On the side
of these intelligent computational devices, the task of un-
derstanding language is far from trivial. The language and
speech processing community has set itself the task to move
towards understanding language and speech by computa-
tional devices.

A commonly used model for communication is the noisy
channel model, which describes communication in terms of
a sender, receiver and a message which needs to be passed
through a noisy communication channel. Algorithms try to
decode and reproduce the original message. Our task of
understanding the semantics of a sentence can be helped by
using the syntactic structure of the sentence, to narrow the
search and exclude certain ambiguities.

In this paper, we will describe a decoder that returns the
syntactic structure of a given sentence. This is decoder is
also known as a part-of-speech(POS) tagger. We will report
on research relevant to POS-taggers. Such as the influence
of the choice of n-gram language model and the influence of
different types of smoothing.

In section 2 we describe the theory which forms the basis
of our POS-tagger. Section 3 is used to describe our research
methodology. Section 4 shows the results to our experiments
performed with the POS-tagger and in section 5 we discuss
our findings.

2 Theoretical Model

In this section we will describe the theory which is the ba-
sis for POS-tagger. We will describe the lexical and lan-
guage model, the noisy channel model, the Viterbi algo-
rithm, smoothing and related theories and concepts. These
theories are based on [2, 3, 4].

2.1 Lexical and Language model for Part-

of-speech tags.

Consider the sentence: “I took a walk.", walk is a noun, how-
ever walk could also be a verb, as in: “I walk.". When we use
a model which makes use of POS-tags, we can disambiguate
between the different uses of “walk". This disambiguation is
essential when trying to understand natural language. We
will describe a model that uses POS-tags and describe its
usage to create a POS-tagger. The task of a POS-Tagger

is to generate a POS-tag sequence corresponding to a given
sentence .

The model can be split into two parts: the language
model which describes the probabilities of a tag sequence
ie. P(t1,ta,....,tm) = P(tT*), and a lexical model describing
the probabilities of a word sequence wi* given a tag sequence
t7 i.e. P(wi"|t]"). Below we will describe these lexical and
language and models.

2.1.1 POS-tagger as noisy channel decoder

The model we use is based on the notion of a noisy channel.
In a noisy channel, a message M is sent through a channel,
on the other side of the channel the message M’ is received.
The received message M’ is not necessarily the sent message
M. It is the task of the decoder to try to make an estimate
M of the original message M from the received message M’.

For a POS tagger we can use the noisy channel model as
follows: the original message being sent is a sequence of POS
tags t7", the received message is a sequence of words wi".
The POS tagger is the decoder which creates an estimate
7 of the original tag sequence.

More formally, given a powerset operator %, a vocabulary
V' of words, a set of POS tags T, word sequence w{*, where
wi* € V* and tag sequence t7" where ¢t € T, find the
tag sequence t7* € T* that is the most likely tag sequence
corresponding to the received message wi*. Thus the task
of the POS-tagger is

1" = arg max P77 wih).
1

2.1.2 The Language and Lexical Model

The noisy channel model indicates that there are two pro-
cesses at work to ultimately produce the received message
M’. Namely the process that produces the message M
and the process of transmitting M through the channel
M — M'.

These two processes are modeled in the language and lex-
ical model. We assume that the tag sequence t7" is gener-
ated from a probabilistic process, the related model is the
language model P(¢]*). The channel is also assumed to be a
probabilistic process which is modeled by the lexical model
P(wy[t7").

This gives us a way of expressing the probabilities needed
for the POS-tagger, using Bayes’ rule we get:

Py~ POTIEPE).
Pwr?)

However, we are only interested in ¢ =

argmax,m P(t7"|wi"), wi* is given, making the term

P(wi) equal for all tag sequences. Therefore we can leave

this out of the equation without changing any results. We

write:

P(#"|wi") o< P(w{"[t7") P (7).

thus,



arg max P(t1"|wi")
1

(1)

= argmax P(wf" 1) P(1])
1

This means that we can calculate the most likely tag se-
quence t7* once we have a lexical model P(w("|t!*) and a
language model P(t7").

2.2 Estimating the language and lexical
models

In the previous section we discussed the language and lex-
ical model, the POS-tagger and their relationships. They
all work with probabilities of sequences, these probabilities
need to be obtained from somewhere. Corpora, sentences
POS-tagged by linguists, can be used to estimate the needed
probabilities. We will describe the assumptions made in our
model to be able to estimate sequence probabilities from
corpora.

2.2.1 Markov assumption

The sets V* and 7™ have infinite many sequences. making it
impossible to obtain the probabilities of all sequences. How-
ever, they can be approximated when we apply the Markov
assumption. This can be stated as: “The conditional prob-
ability of observing an item in a sentence is not dependent
on all items in the sequence, but only on a fixed number n
of preceding items.” We will call this an nth-order Markov
assumption, which uses sub sequences of n + 1 words, thus
an n + l-gram or N-gram model.

Let m bet the length of a sentence, for our language model
this results in the approximation
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We will call t’,z:}l the context for tag tx.
For our lexical model we make the assumption that words
are only dependent on their corresponding tag.
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2.2.2 Obtaining the models from corpora

We can estimate the probabilities for our models by using
counts of N-gram occurrences in a corpus. Let Z be the
total number of all sequences of length N in the corpus, and
let T" be the set of all tags in the corpus, and let k denote a

location in a sequence. The - symbol indicates an estimate.
We can estimate using;:

Count(t;”\ 1, tr)

D (k—1

Because all ¢t € T partition the event-space we can express
the chance for a sequence of length n — 1 in terms of se-
quences of length n.

k—1
P(tk_l ) _ ZwEW Count(tk—N+1vt)
k—N+1 Z

With the definition of conditional probabilities and some
mathematical manipulations we get:

A P(tk71 tk)
k—1 k—N+1
P(tglty_ny1) = Bl
(tka+1)
Count(t;~\1,tr)
= .
Y tew Count(tki}vﬂ, t)

The probabilities for the lexical model can be estimated
in a similar fashion to the sequence of tags. We use the fact
that w € V is a partition of the event space, therefore we
get:

Count(< wy, tr, >)
Count(< t, >)
Count(< wy, t, >)

Y wey Count(< w, ty, >)’

Pluglty) =

2.3 The Viterbi algorithm

In previous sections we have described our language and lexi-
cal models, our POS-tagger and how to estimate the models
from corpora. Looking at formula 1 it seems we have all
ingredients needed for our POS-tagger.

A practical problem which does arise is the exponential
explosion of possible tag sequences given a sentence. If every
word in a sentence with z words has only 2 possible tags the
number of possible tag sequences becomes 27.

The Viterbi algorithm is an algorithm that can find the
most likely POS-tag sequence for a sentence. We will de-
scribe the Viterbi algorithm and related topics in this sec-
tion.

2.3.1 Trellis-graph

A trellis is a graph with nodes grouped by time, it has two
terminal nodes, namely a start and a stop node. All non
terminal nodes are connected to at least one node in an
earlier time group and at least one node in a later time
group. Thus through every non terminal node there is a
path from the start to stop node.

A trellis can be used to represent a tag sequence corre-
sponding to a sentence. The start and end nodes of the
trellis correspond with the start and end nodes of the sen-
tence. The time groups correspond with words in the sen-
tence. The nodes in a time group correspond with contexts
of POS-tags, that can produce the word for that time group.



Figure 1: Trellis for a 2nd order Markov Language Model
[2]
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Edges from nodes in one time group to the next correspond
with POS-tags given the context of the outgoing node, these
tags will be part of the context in the ingoing node. The
edges can also be seen to correspond with the probabilities
in our language model P(tk|t’,§:}v+1), in this context also
referred to as transition probabilities. A trellis is displayed
in figure 1.

We can augment the trellis to also include our lexical
model P(wg|ty). In this context the probabilities for the
lexical model are often referred to as emission probabili-
ties. Because there is an unseen process - generating a
POS-tag sequence - which emits observable events, the word
sequence. Every edge in the graph emits a word with prob-
ability P(wyg|ty) , but every word in the same time group
emits the same word. Thus every edge emits a single word.
Therefore we augment the original trellis by also storing
the corresponding probabilities for the lexical model on the
edges.

The described trellis can be seen from viewpoints as a
Stochastic Finite State Transducer, the transition and emis-
sion processes are defined as a State Machine. A Hidden
Markov Model, is another view, where the basis is a statisti-
cal model, not a machine where the nodes are called states,
and edges transitions. The trellis is the last viewpoint where
we are using a graph to describe and store the probabilities
associated with the underlying processes.

2.3.2 The Viterbi algorithm

The Viterbi algorithm is a dynamic programming (DP) al-
gorithm which calculates the most likely POS-tag sequence.
This is done by calculating the maximal probabilities for ev-
ery node in a trellis. The algorithm calculates the probabil-
ities of the nodes at time=ts by only using the probabilities
it stored at the nodes of time=ts — 1. And the transition
and emission probabilities stored in the trellis at the edges
between nodes of ts — 1 and ts, using the following formula:

Yes(si) = maxyie-1(sy) X Plsils;) x P(wlsi),
8

where v;5(s;) is the maximum probability for the sequence
of hidden states ending with s;, s; at time ts — 1 and ts
respectively, these probabilities can be stored at the nodes
in the trellis. P(w|s;) and P(s;|s;) corresponds with prob-

Algorithm 1 Viterbi Algorithm
I' =Viterbi(trellis, wf)
Yo(s0) =1
for ts < max(time€trellis)
for statectimegroup(t)ctrellis
Vs(8) = maxs; s —1(s5) X P(s]s5) x P(ws|s:)
return sequence_contributors (maxs Y. time)(s)) -

abilities from the lexical and language model, stored on the
edge between s; and s; in the trellis.

Shown in algorithm 1 is the Viterbi algorithm. It is
easy to store the arg max whenever the algorithm chooses a
maxvalue. These stored arguments could be used to return a
sequence with for every time group a tag, that contributed to
the most likely sequence of POS-tags. In equation 1 we de-
scribed the formula for task of our POS-tagger. The Viterbi
algorithm calculates exactly the wanted likelihoods, and re-
turns the most likely POS-tag sequence.

2.4 Smoothing

Even though we can find the most likely POS-tag sequence
given a sequence of words, we can still improve on the tagger.
This has to do with the fact that models estimated from a
corpus can only roughly approximate natural language.

Most problematic are unseen occurrences or events. Since
our estimations are based on counts, when we get a word
or a POS-tag sequence we have not seen before it receives
probability 0. This will lead to the tagger concluding that
an event unseen during training is impossible. But the event
exists because it is being presented during tagging, therefore
it should get a reasonable probability.

To get a reasonable probability we will have to smooth
our estimated models. There are many approaches to apply
smoothing on the language model, we have implemented
Good Turing and Katz’ Backoff.

2.4.1 Lexical model smoothing

For every word in a sentence presented to the tagger, it
locates all tags and their respective probabilities P(w|t), it
has observed with this word during training. When we come
across an unknown word, we have chosen the solution to use
expert knowledge to assign the word a reasonable POS-tag.

This expert knowledge has been put into a simple decision
rules. With rules such as: if the unknown word starts with
a capital, assign it the tag; proper noun (NNP). These rules
were derived after a study of unknown words and their tags.
The words to which no linguistic rule applies are tagged
as NN, because this is the largest group to which no rule
applies, see also figure 2.

2.4.2 Language model, Good-Turing smoothing

In the language model we represent a POS-tag sequence as
t7*. We want to know the probability of an unseen t; given
the sequence of up to k—1, tﬁ:]l\,_H. When using the Good-

Turing method [6], we want to reserve some portion of the



Algorithm 2 Tag of unknown word, decision rules

if contains_number (word) : tag = CD
elseif starts_with_capital(word): tag = NNP
elseif contains_dash(word) : tag = JJ
elseif ends_with_s(word) : tag = NNS
elseif ends_with_ing(word) : tag = VBG
elseif ends_with_ed(word) : tag = VBD
else : tag = NN

total probability and reuse this when we encounter unseen
events.

The probability of event t’,;jv 41 can be written as
Por(ti—h +1) = %> where 7* is the smoothed count of event

Npr41
ny -

i "1 and can be formally written as r* = (r + 1) =
7 is the actual count or frequency of event ¢}~ % 41 and n, is
the number of events with frequency r.

However, when choosing an implementation there are
some problems: Good-Turing estimation uses values of
neighboring events in such a way that if n,,; or r + 1 is
zero, the current smoothed event PGT(tlffl) becomes zero.
This makes it difficult to smooth the entire range of events.

There are several methods to overcome this difficulty, we
have chosen to smooth the events with the lowest frequencies
as they are closer to zero events than events with higher
frequency. When a neighboring event had zero probability,
we used the real value for the subsequent event and the
reserved probability for the zero event.

2.4.3 Language model, Katz’ backoff smoothing

We also implemented Katz’ backoff [5]. This method be-
haves in such a way that when no ¢; for an event t’;:}v 4107
event t’,zjvﬂdoes not exist, we use the n — 1-gram language
model instead of n, when this does not exist we use n — 2
and so on. When n — 2 becomes 1, we have no lower nt"-
model to rely on. In this case we switch to the Good-Turing

estimate again.

3 Research Methodology

We implemented a POS-tagger based on the models and
principles described in section 2. We used a corpus with sen-
tences from an English financial newspaper, this corpus was
divided in a training set with sentences and POS-tags, a test
set with only sentences and a gold set with the true POS-
tags for the sentences in the test set. The test set included
2245 distinct sentences with an average length of about 20
words per sentence, while the training set had 39832 distinct
sentences with an average of about 23 words per sentence.

Research on the influence of the length of n-grams and
the different smoothing techniques was conducted by testing
the accuracy of the POS-tagger on the test set with different
combinations of n-gram and smoothing settings.

To obtain data on unknown words, we trained the POS-
tagger on our corpus and observed the unknown words. The

words were grouped by the POS-tag that they should be as-
sociated with. The largest groups were analyzed by linguists
on common features within the group.

Figure 2: POS-tag distribution of unknown words

4 Results

4.1 Baseline results

The baseline POS-tagger consists of a simple tagger with-
out any smoothing on the lexical or language model. The
results can be seen in table 1 under standard. The accuracy
for a bigram is around 84%, we can see that its performance
will not increase with larger n-grams. We assume that this is
being caused by the sparseness of the training set as increas-
ing n-grams requires a larger corpus a lack of smoothing will
penalize this.

4.2 Lexical model smoothing

The frequency of unknown words per POS-tags are displayed
in figure 2.

The figure clearly shows that nouns make up more than
half of the unknown words, with the largest group be-
ing proper nouns (NNP). This high frequency of unknown
NNP’s can be explained by the notion that there can be in-
finitely many names of people or organizations. The same
notion applies to the cardinal numbers(CD), since there are
infinitely many numbers, the training set will only contain
a small fraction of these. Therefore many of them will be
unknown to the POS-tagger after training. However, both
classes are good examples of classes where linguistic knowl-
edge can make a difference. Since numbers are numerical
and proper names start with a capital, they can be tagged
correctly without the need to have seen all instances of this
class during training. These results are incorporated in the
POS-tagger by the rules shown in algorithm 2.

We can see from the results in table 1 under +LexE
that this expert knowledge increases the baseline result with
about 4% for each n-gram.

4.3 Language model smoothing

As discussed in subsection 4.1 we can see that there is a
big drop in performance for increasing n-grams. The be-



Table 1: Accuracy results for n-gram POS-tagger with dif-
ferent smoothing parameters.

’ n-gram H standard \ +LexE \ +LexE+GT \ All ‘
2 84.25% | 89.28% 90.86% 90.86%
3 83.85% | 87.54% 93.36% 92.92%
4 77.40% | 80.57% 93.29% 92.47%

Figure 3: Good Turing cutoff parameter r

Optimal r for Good-Turing smoothing with expert knowledge.

9251

[~ x-axis: Good-Turing

r. Y-axis: Accuracy in %. |

havior was assumed to be caused by the lack of smoothing.
When we add Good-Turing smoothing to our model, we can
see in table 1 under +LexE+GT that the results improve
dramatically for large n-grams. The accuracy of the POS-
tagger jumps from 80.57% to 93.29% for 4-grams. However,
increasing the n-gram still does not mean increasing the ac-
curacy as the best performance can be obtained by using a
3-gram.

In order to try and improve on this we tried an additional
different smoothing method, namely the Katz’ backoff. This
method is mainly targeted to handle sparse data that will
occur with larger n-grams. Because when it observes an
n-gram which does not exist in its language model it will
fallback to a lower n-gram and use the observed probabilities
on the training data for this lower n-gram.

In table 1 under All we can see that using Katz’ backoff
does not improve results. A reason for this could be that the
lower n-grams do not correctly represent the possibility or
the meaning of the higher n-grams. This is known behavior
for this algorithm [2].

Since a POS-tagger with trigrams and Good-Turing
smoothing was our best performing tagger, we have looked
at the parameter for Good-Turing. This parameter gives
the cutoff parameter r, for occurances with frequency > r
no smoothing is attempted. It turned out that »r = 7 was the
optimal parameter. Figure 3 shows the behavior for different
values of 7.

5 Conclusion

From the results displayed in table 1 it can be seen that a
POS-tagger based on 3-grams with the Lexical expert rules

for unknown-words, together with Good Turing smoothing
is the superior method. The main contribution is due to the
usage of Good-Turing smoothing. Some of the accuracy of
the method can be contributed to the lexical expert rules
for unknown words.

However there are some issues to our implementation that
need to be addressed: First of all, we assume that using se-
quences of length IV in a sentence represent enough infor-
mation to estimate the correct probabilities. One can argue
that the relation between ’did’ and ’decide’ in the following
sentence is lost when N is chosen too small: 'Did the referee,
after considering all remarks, decide incorrectly?’

On the other hand, when N is chosen too large, we need
an extremely large corpus if we want to avoid an explosion
of zero occurrences. Smoothing, used in whatever form, is
always an estimation of the actual probability and therefore
if the smoothed occurrences become larger, the performance
will decrease.

When using the Katz’ backoff smoothing algorithm for
larger N-grams, there will be more zero occurrences. There-
fore the algorithm will value smaller n-grams as more impor-
tant than their own N** probabilities. This will probably
be a poor representation of the actual probabilities.

Another issue are the lexical rules. Even though the cho-
sen rules work very well for the current corpus, it can be
postulated that they might over-fit since we are only us-
ing one corpus. The same rules will most likely perform
much worse on another domain. This leads to the question
whether this is actually a problem or a feature. When deal-
ing with NLP problems, many fields have discovered that
models only work for the domains they are trained on. This
is also mathematically proven by the No Free Lunch theorem

[1].
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