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Abstract
This paper presents a solution in order to solve the
problem of using HMM-based POS tagger in some
languages where a word can be comprised of several
tokens. Viterbi algorithm is modified in order to
support segment of words within a model state. In the
other word, the proposed system has a built-in
tokenizer where indicates words boundaries as well as
its corresponding tag sequence.

1. Introduction
Given a sentence, Part-of-speech taggers select the
most probable sequence of pre-defined categories for
each word in the sentence. Usually these categories are
syntactic categories which determine grammatical
characteristics of the word within a sentence. But from
a distinct view point we can see categories as semantic
categories and utilize the system as an understanding
unit. A tagger used to assign a semantic tag to each
word within the sentence and a dialogue manager unit
uses this sequence of tags in order to decide what to do
next.
HMM-based part of speech taggers such as TnT
(Trigram'n'Tags) is shown to work well on several
languages. Several experimental results are reported in
literature for distinct languages such as German [1],
English [2], Slovene [3], and Spanish [4]. Also a
survey is conducted in order to estimate the accuracy
rate of this system for Persian language [5].
There is a problem with Persian language and some
other low resource languages. In Persian, we cannot
consider spaces as word boundaries, because this
language has many words which are made by
combination of two or more tokens, for example
"danesh amooz" is a single word which means
"student". But this single word comprises from two
distinct tokens, "danesh" and "amooz" with different

978-1-4244-5858-5/10/$26.00 ©2010 IEEE

Mohammad Bahrani
Speech Processing Lab
Sharif University of
Technology
Tehran, Iran
bahrani@ce.sharif.edu

Bagher Babaali
Speech Processing Lab
Sharif University of
Technology
Tehran, Iran
babaali@ce.sharif.edu

meanings. In Persian, we have to use two kinds of
spaces for writing a sentence, one for delimitating word
boundaries and the other for separating one token from
another within a word. The latter is called semi-space
(also known as zero width non-joiner which is
represented as the control character U+200C in
Unicode.) Correct orthography is to use space in order
to specify word boundaries and semi-space to specify
token boundaries within a single multi-token word. It
means that it is correct to write:
"Danesh~amooz be madrese mi~ravad,"
We use '~' as representative of semi-space. The
sentence means that "Student goes to school."
But commonly this is not obeyed by people. Persian
typists use only ordinary space, both for delimitating
word boundaries and token boundaries, so in most
sentences word boundaries are not specified explicitly.
It means that, usually, the above sentence is written this
way:
"Danesh amooz be madrese mi ravad."
According to Viterbi algorithm, word boundaries
must be specified in advance. In some corpuses this
problem of specifying word boundaries is solved by
putting each word in a new line. Anyway, in order to
use HMM-based POS tagger, we have to specify the
words boundary in whole corpus and then train a
tagger.
Assume that this kind of tagger is wanted to be used
in real world. We can’t expect user to input his/her
sentence fully correct in using of spaces and semispaces, because usually sentences in Persian are written
using only ordinary space. Consider a user type a
sentence and we want to tag his/her sentence. In order
to use a HMM-based POS tagger, first, we have to use
a tokenizer in order to detect word boundaries within
this sentence and then use the trained tagger to find the
most probable sequence of tags.
Our work is to break this limitation and find a
solution in order to give a capability of using HMMbased tagger on a corpus which uses only ordinary
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space. It means that we don’t want to specify word
boundaries in advance. In the other word, we want to
generalize HMM model in order to let the states within
model to output segments of several observations
(tokens here.)
The rest of this paper is organized as follows. In
Section 2 we introduce briefly a corpus named Peykare
which is a standard Persian tagged corpus for testing
and comparing the proposed result and previous results.
In Section 3 the proposed algorithm will be described.
In Section 4 the experimental results are shown and at
last, In Section 5 we conclude the paper.

2. Peykare corpus
Peykare corpus [6] is an annotated corpus that is
suitable for natural language processing research on
Persian language. The texts of this corpus have been
gathered from various data sources (like newspapers,
magazines, journals, books, letters, hand-written texts,
scenarios, news, etc.) and are about different subjects
like politics, art, culture, economics, sport, stories, etc.
including about 9 million words and annotated with a
rich set of 672 tags. This large size of tags makes the
automatic learning process impracticable. According to
[7] we can select suitable tags among them and merge
other tags in order to reduce the number of tags to 40
tags. Now this number is feasible and we can test our
proposed algorithm on this modified corpus. Detailed
description of this modified corpus and its statistical
analysis can be found in [7].
The problem mentioned in introduction section is
solved in this corpus by allocating one line to each
word and its category. Each line is presented one word
with its corresponding category. In test phase words
boundaries is indicated by new line and spaces are used
in order to specify the token boundaries within a word.
But our proposed algorithm is automatically detects
word boundaries and so, it doesn’t need the word
boundaries to be specified in input sentence. So the
corpus is modified so that each line presents a new
sentence, not a new word.

3. Proposed algorithm
Using ordinary HMM and Viterbi algorithm for
tagging sentences in Persian language has an important
limitation according to the nature of this language (and
some other languages.)
The problem is that each state in HMM have to
output only one observation. Here states in HMM
correspond to distinct syntactic categories and
observations correspond to distinct tokens, not
essentially words. In Persian language some words are

comprised of more than one token where, in a sentence,
tokens are separated by spaces. Thus, given a sentence,
computer cannot differentiate between spaces which
delimitate word boundaries and spaces which
delimitate token boundaries within a word. In order to
use an hmm-based pos tagger on sentences in this kind
of language we have to, somehow, specify word
boundaries explicitly.
As is mentioned in previous section this problem is
solved in Peykare corpus by presenting each word in a
new line. So in test phase the words boundaries are told
in advance to Viterbi algorithm. But obviously this
system cannot be implemented in real world. For
example in a text based understanding system, the user
does not specify the words boundary in his/her typed
sentence. So in order to use an HMM based tagger, first
the sentence has to be parsed with a tokenizer in order
to its words boundaries become apparent, and then
Viterbi algorithm is run on this modified sentence to
tag each word.
In our proposed algorithm, Viterbi algorithm is
modified in a manner which it can support sequence of
tokens within a state. Suppose that the input sentence
is: “danesh amooz (student) be (to) madrese (school)
raft (went).” This means “Student went to school”.
Computer assumes that each observation (token) is
separated with space. The model is trained such that
each word “danesh”, “amooz”, “danesh amooz” can be
found in lexicon.
Given above sentence, ordinary Viterbi algorithm
acts on "Danesh" and "Amooz" separately. But our
modified Viterbi algorithm can detect “danesh amooz”
is a single word as is shown in figure 1.
Danesh Amooz

be

madrese

preposition
Singular noun
Singular noun

raft

Verb

Figure 1. Sample sentence with its corresponding
tags
Here the algorithm is described. The notation we
use for illustrating the algorithm is similar to one which
Rabiner used in [8] for sake of simplicity in
understanding. First we need to define the quantity
G t ( s , i ) max q1qa1"qa n p[q1 q a1 " q an ,
(1)
q t i, o a1 1 o aa12 +1 " o aa tn1 o tt  s 1 ]
That is

G t ( s, i )

is the best score, or highest probability

along a single path at time t which accounts for the first
t words, not essentially t observations. Note that here
observations are distinct tokens where separated by
spaces. Thus, here the number of observations is not
equal to the number of words anymore.
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In formula (1), s means the last segment is
comprised from s observations (tokens.) Also means
tokens from position i to position j (oioi+1…oj) which
constructs a single word.
The overall schema of this algorithm and its inputs
and outputs is shown in figure 2.
Input sentence
W= (w1w2...wt)

Modified
Viterbi
Algorithm

The maximum
allowable number
of tokens within a
word, S

The best
segmentation of
the words in
sentence
S*= (s1 s2 … sn)

Next step is called Recursion step where we use
computed G t ( s, i ) in order to compute the new
quantities

according to the formula. Also we

keep the best previously step in

G1 ( s, i ) S i bi (o1s ), \ t ( s, i ) (0, 0),
1d i d N,

G t ( s, j )

max ' [G t  s' ( s ' , i ) aij ]* b j (ott  s 1 ),

1di d N , 1d s d S

\ ( s, j ) {( s* , i* ) | ( s* , i* )

qT*

means the probability of starting

from state i and by using the array \ t ( s, i ) we save
the best path for backtracking and finding the best path.

oij means observations (tokens)

from position i to position j, which construct a single

bq (oij ) we mean the probability of seeing

segment of observations

oij from state q.

As shown in figure 3, the first step is initialization
step. Here G1 ( s, i ) for all s and i are computed
according to initial probabilities of each state as well as
lexicalization probabilities, which are the probability of
observing words 1 to s in state i.

arg max [G t  s ' ( s ' , i ) aij ]}

1d i d N , 1d s ' d S

2 d t d T, 1 d j d N, 1 d s d S

As shown in figure 2 this modified Viterbi
algorithm gives in input a parameter S which indicates
the maximum number of allowable words within an
observation. Input sentence and a trained model are
given to this algorithm too. The model used here is
trained according to a corpus where each line presents
a new sentence. Note that word boundaries in input
sentence are not specified anymore. In the other word
we use only ordinary spaces within the sentence.
We can consider this algorithm as a generalization
of the ordinary Viterbi algorithm, in the sense that if
we assume S=1 this algorithm acts like an ordinary
Viterbi algorithm. With S=1, we assume that each
word is comprised of only one token.
Rabiner in [8] introduced 4 steps for Viterbi
algorithm. Here we modified these 4 steps in order to
cover our problem. These steps and complete algorithm
is shown in figure 3.

word. By

1d s d S

Step 2: Recursion

Step 3: Termination

As mentioned earlier,

in order to

Step 1: Initialization

Figure 2. Overall schema of the proposed
algorithm along with its inputs and outputs

In this figure

\ t ( s, i )

use this in backtracking step to find the best path. Note
that here, argmax outputs a specific value for pair (s,i).

The best
sequence of tags
corresponding to
each segment
Q*=(q1q2…qn)

Trained model

G t 1 ( s, i)

P*

max [G T  s' 1 ( s ' , i )]

1di d N , 1d s ' d S

arg max [G T  s' 1 ( s ' , i )]

1di d N , 1d s ' d S

Step 4: Path (state sequence) backtracking
*
T

q

\ t 1 (q* )

t

t 1

T  1, T  2,"1

Figure 3. Illustration of our proposed modified
viterbi algorithm
Step 3 introduces termination step. This step is
started when all G t ( s, i ) are computed. In this step we
find the starting point of backtracking. This point is the
highest G t ( s, i ) among t=T - s’ + 1 where T is the
total number of words within the sentence and s’ varies
between 1 and S, where S is the maximum number of
tokens within a segment.
Finding the starting point in previous step, step 4
backtracks in order to find the most probable sequence
of tags. This procedure is done according to the
values\ t ( s, i ) . Starting from the point

q*T found in

step 3 we backtrack by seeing the value previously
stored in

\ t (q*T )

and store this value in

step is repeated until

q*T 1 . This

q*t is found for values t from 1 to

T. Note that as mentioned for step 2, here

q*t pertains

to a specific value for pair (s,i).

4. Experimental results
In this section we represent the experimental results
of implementing this algorithm. In Section 2 Peykare
corpus was defined and in this Section we report
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accuracy rate of our proposed algorithm on this corpus.
Here we use bigram probabilities to model the
transition between tags. We test our proposed
algorithm on a corpus which is a part of original
Peykare corpus. Corpus used here is comprised of
about 2,000,000 words, where form 115829 sentences.
As [7], we have 40 distinct syntactic tags. In this
work we use a simple HMM model. We don’t use any
other information except information drawn out from
data itself, which is bigram probabilities and
lexicalization probability. We don’t use any refinement
on sentences too.
In order to make an upper bound for evaluating our
proposed algorithm we conduct an experiment on
Peykare corpus and use ordinary Viterbi algorithm. To
do so, we eliminate all spaces within a word in
advance. For example word “Danesh amoozha” which
means
“Students”
become
“Daneshamoozha”.
Apparently this modification has no side effect. We use
bigram probabilities for modeling transitions between
tags. Also maximum likelihood (ML) estimation is
used in order to estimate the probabilities.
Our corpus has a total of 115829 sentences. We
divide these sentences into two parts of training and
test parts. We randomly select 5515 sentences and
consider them as test set. Other 110314 sentences are
considered as train set and used in order to train the
model. We repeat this procedure 5 times. Results are
summarized in table 1. The model is trained according
to sentences in train set and then ordinary Viterbi
algorithm is used to tag each sentences in test set.
Comparing these tags with originally manually tags,
each sentence in test set is given a score. This score is
between 0 and 1, where 1 indicates that the sentence is
tagged completely correct and 0 indicates that the
sentence is tagged completely false and all words
within the sentence are tagged false. Otherwise this
score is a number between 0 and 1. To calculate a score
for a sentence which is tagged by tagger, we compare
this tagged sentence with manually annotated sentence
and score is calculated by using formula 2.
# of correcttags
score
# of alltagsinmanuallyannotated sentence
Table 1. Results of using ordinary Viterbi algorithm
on a corpus where all spaces within a word are
eliminated
Run
Total
Accuracy rate
score
1
5129.11
93.00%
2
5160.90
93.57%
3
5171.03
93.76%
4
5136.92
93.14%
5
5186.30
94.03%
average
5156.85
93.50%

Note that results shown in table 1 are upper bound
for our algorithm. It means that our algorithm cannot
exceed this accuracy rate, because here word
boundaries are told in advance to Viterbi algorithm.
But this is not the case for our algorithm. In the other
word, our algorithm is expected to find word
boundaries as well as its corresponding tag sequence.
Next we use our modified Viterbi algorithm in
original corpus where there are spaces which specify
tokens boundary within a word. Here we don’t specify
word boundaries in advance and let the algorithm do
this task on its own.
As above 5515 numbers of sentences in test set are
chosen randomly and other sentences are regarded as
train set. Then a model is trained according to train set
and our proposed Viterbi algorithm is used in order to
tokenize and tag sentences in test set. Comparing these
tagged sentences with original manually labeled
sentences, the accuracy rate of algorithm will be found.
This process is repeated five times.
We repeat this whole procedure three times. First
we consider the maximum number of tokens within a
word to be 1, that is S=1. Results are summarized in
table 2. Next two tables show results for assuming S=2
and S=3, respectively.
Table 2. Results of our proposed Viterbi
algorithm (S=1)
Run
Total
Accuracy
score
rate
1
4819.51
87.38%
2
4828.85
87.56%
3
4796.82
86.98%
4
4809.73
87.21%
5
4814.04
87.28%
average
4813.79
87.29%
Table 3. Results of our proposed Viterbi
algorithm (S=2)
Run
Total
Accuracy
score
rate
1
4957.48
89.89%
2
5007.49
90.79%
3
5037.56
91.34%
4
4998.27
90.63%
5
5021.84
91.05%
average
5004.52
90.74%
Results of table 2 can be considered as a base line
for evaluating our proposed algorithm. Consider in real
world where users do not specify word boundaries
explicitly. The ordinary Viterbi algorithm in this
situation has accuracy rate as shown in table 2.
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Comparing results of tables 2 and 3 we see that the
accuracy rate of our proposed algorithm increases by
3.45%. This means that in real world, where word
boundaries in input sentences are not specified
explicitly, our algorithm can act more accurate than
ordinary Viterbi algorithm.
Table 4. Results of our proposed Viterbi
algorithm (S=3)
Run
Total
Accuracy
score
rate
1
4985.29
89.89%
2
4995.38
90.79%
3
5024.52
91.34%
4
5028.29
90.63%
5
5014.48
91.05%
average
5009.60
90.84%
Comparing results of tables 1 and 3 we see that the
accuracy rate of our proposed Viterbi algorithm
decreases by 2.76%. By a simple statistical analysis of
the corpus we find that 6.5% of the words in this
corpus are comprised of more than one token. This
shows that our algorithm succeeds in tagging the
majority of this kind of words, but also fails at some
others.
Comparing results of tables 3 and 4 we see that the
accuracy rate increases by 0.1%. Here algorithm also
can cover three-token words as well as two-token
words.
As mentioned earlier, here we use only information
drawn out from data itself. We don’t use any linguistic
information to improve the results, because here we
only want to show the effect of using this proposed
algorithm. Also here we use bigram information to
model transition between tags. Because Peykare is a
big and complete corpus, we rarely face the sparse data
problem. Thus we can use trigram statistic. Obviously
we can improve these results by using more
information and trigram statistics.

5ˊConclusion
In this paper we mentioned a problem of some
languages, specifically Persian. In Persian we have
many words which are comprised of several distinct
tokens where normally these tokens are separated by
space. Because of this problem we have to specify
word boundaries explicitly, if we want to use a normal
HMM-based POS tagger. But using this kind of model
in real world has a very important drawback: we can’t

expect user to specify word boundaries in his sentence
explicitly (by using semi-spaces or new line for each
new word.)
Here we introduced our modified Viterbi algorithm
which overcomes this problem by letting the states of
model to output more than one token. Here one
observation (word) can be made of more than one
token. We illustrated this algorithm completely.
We implemented this algorithm on a standard
Persian corpus, named Peykare corpus and we
summarized the results. We see that when we use this
algorithm and consider sequence of tokens (with length
of 2 or 3) the accuracy rate increases.
This algorithm is implemented in Persian language,
but it can be implemented in other languages which
have the same problem.
In this paper we use only information drawn out
from corpus. By using other information such as
linguistic information or language dependent
information we can improve these results. This kind of
improvement will be reported in future works.
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