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Abstract

Since written Chinese does not use blank spaces to indicate word boundaries, Chinese word segmentation becomes an essential task for Chinese language processing. In this task, unknown words are particularly problematic. It is impossible to get a complete dictionary as new words can always be created. We propose a unified solution to detect unknown words in Chinese texts regardless of the word types such as compound words, abbreviation, person names, etc. First, POS tagging is conducted in order to obtain an initial segmentation and part-of-speech tags for known words. Next, the segmentation output from the POS tagging, which is word-based, is converted into character-based features. Finally, unknown words are detected by chunking sequences of characters. By combining the detected unknown words with the initial segmentation, we obtain the final segmentation. We also propose a method for guessing the part-of-speech tags of the detected unknown words using contextual and internal component features. Our experimental results show that the proposed method is capable of detecting even low frequency unknown words with satisfactory results. With unknown word processing, we have improved the accuracy of Chinese word segmentation and POS tagging.
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1. Introduction

Like many other Asian languages (Thai, Japanese, etc), written Chinese does not delimit words by, for instance, spaces (unlike English). Besides, there is no clue to indicate where the word boundaries are as there is only one single type of characters that is the hanzi (unlike Japanese, where there are hiragana, katakana and kanji) and one single form for this type of characters (unlike Arabic, where the form changes according to the location of the character in a word, generally, there are 3 forms for each character which are the first, middle and the last). There are only a small number of punctuation marks which can tell the sentence or phrase boundaries. Therefore, it is usually required to segment Chinese texts prior to further processing. However the results obtained for segmentation in previous work are not quite satisfactory due to the problems of segmentation ambiguity and occurrences of unknown words. The problem of segmentation ambiguity is not our main concern here (which includes overlapping ambiguity and covering ambiguity). We will focus on unknown word detection. An unknown word is defined as a word that is not found in the system dictionary. In other words, it is an out-of-vocabulary word. As for any other languages, even the largest dictionary that we may think, will not be capable of registering all geographical names, person names, organization names, technical terms, etc. In Chinese too, all possibilities of derivational morphology cannot be foreseen in the form of a dictionary with a fixed number of entries. Therefore, proper solutions are necessary for unknown word detection. 

Our goal in this research is to detect unknown words in the texts and to increase the accuracy of word segmentation. As a language grows, there are always some new terms being created. With the expansion of Internet, the possibilities of getting new words are increasing. Furthermore, Chinese language is used throughout the world. The people who speak Chinese, are not coming only from the mainland China, which has the highest population in the world, but also from Taiwan, Hong Kong, Malaysia, Singapore, Vietnam and also other countries. Although 2/3 of this population share the same language, Mandarin, the standard based on the pronunciation of Peking, there are always some terms which are used only locally. For example, there are transliterated terms from Malay language like “拿督斯里” (Datuk Seri, an honorific title awarded by the king), “巴冷刀” (Parang, a kind of knife), “巴刹” (Pasar, a market) etc, which are used only in Malaysia. Therefore, a proper solution for detecting unknown words is necessary.
According to (Chen and Bai, 1997), there are mainly five types of unknown words.
1. abbreviation (acronym): e.g. 中日韩 China/Japan/Korea.

2. proper names (person name, place name, company name): e.g. 江泽民 Jiang Zemin (person name), 槟城 Penang, an island in Malaysia (place name), 微软 Microsoft (company name).

3. derived words (those words with affixes): e.g. 总经理 General Manager, 电脑化 computerized.

4. compounds: e.g. 获允 receive permission, 泥沙 mud, 电脑桌 computer desk.

5. numeric type compounds: e.g. １８.７％ 18.7\%, 三千日圆 3 thousands Japanese yen, ２００３年 year 2003.
Although these unknown word types may have different characteristics to identify, the training of the detection can be done using only one model in our proposed method. We detect all these unknown words in only one pass, therefore we call it a “unified solution” for all types of unknown words.

The remaining of the paper is organized as below. In section 2, we introduce some previous work on unknown word detection which provides a basis to our method. Section 3 describes our proposed method to solve the unknown word detection problem. Section 4 shows experimental results for unknown word detection, word segmentation, part-of-speech (hereafter POS) tagging and discusses some problems. Section 5 compares our results with other related work. Section 6 summarizes and concludes the work.

2. Previous Work
There are mainly three approaches to unknown word detection, which are rule based (Chen and Bai, 1997; Chen and Ma, 2002; Ma and Chen, 2003), statistics based (Chiang et al., 1992; Shen et al., 1998; Fu and Wang, 1999; Zhang et al., 2002), and hybrid models (Nie et al., 1995; Zhou and Lua, 1997). There are some pros and cons with these approaches. Rule based approach can ensure a high precision for unknown word detection, but the recall is not quite satisfactory due to the difficulty of detecting new patterns of words. Statistics based approach requires a large annotated corpus for training and the results turn out to be better. Finally people are combining both approaches in order to get optimum results, which is currently the best approach. Since we do not have the expert to create the rules of word patterns, we mainly focus on statistics based method, and hope to get comparable results with the current approaches. 

Usually, a POS tagger is only able to segment and POS tag known words, which are registered in the dictionary. Therefore, we still need a method to detect unknown words in the text. Our unknown word detection method resembles the one found in (Asahara and Matsumoto, 2003) for Japanese unknown word detection. Although the work is done on Japanese language, we try to apply it to Chinese language. We assume that Chinese language has similar characteristics with Japanese language to a certain extent, as both languages share semantically heavily loaded characters
, i.e. kanji for Japanese and hanzi for Chinese. Besides, the structures of the words are quite similar, as many words written in kanji are actually borrowed from Chinese. Based on this assumption, a morphological analyzer designed for Japanese may do well on Chinese for our purpose. The difference between their method and ours is the character types used for features. In Japanese, there are mainly three types of characters, namely hiragana, katakana and kanji. This information is used as a feature for chunking. They have also defined other character types such as space, digit, lowercase alphabet and uppercase alphabet. On the other hand, Chinese mainly has only one type of characters, which is the hanzi (although there are also digits and alphabets which are written in Chinese character coding), therefore we will not adopt the character type features here.

There are some differences between Japanese and Chinese morphological analysis. Japanese words have morphological changes whereas Chinese words have not. In Japanese, a sentence is segmented into words, words are restored with their original forms when they are inflected, and their POS tags are identified. On the other hand, in Chinese, we would simply want to segment and POS tag the text without detailed information of morphemes, as there is no inflectional word in Chinese. In other words, we just need a simpler segmenter and tagger for Chinese text.

3. Proposed Method
We propose a “unified” unknown word detection method which extracts all types of unknown words in the text. Our method is mainly statistics based and can be summarized in the following four steps.

1. A Hidden Markov Model-based (hereafter HMM) POS tagger is used to analyze Chinese texts. It produces the initial segmentation and POS tags for each word found in the dictionary.

2. Each word produced by the POS tagger is broken into characters. Each character is annotated with a POS tag together with a position tag. The position tag shows the position of the character in the word.

3. A Support Vector Machine-based (hereafter SVM) chunker is used to label each character with a tag based on the features of the character. The unknown words are detected by combining sequences of characters based on the output labels.

4. POS tag guessing for the detected unknown words using Maximum Entropy models with contextual and internal component features.

We now describe the steps in details.
3.1 Initial Segmentation and POS Tagging
We apply Hidden Markov Models in the initial segmentation and POS tagging. Here is our definition. Let S be the given sentence (sequence of characters) and S(W) be the sequence of characters that composes the word sequence W. POS tagging is defined as the determination of the POS tag sequence, T = t1, …, tn, if a segmentation into a word sequence W = w1, …,wn is given. In both Chinese and Japanese, there are no word boundaries. Therefore, segmentation of words and identification of POS tags must be done simultaneously. The goal is to find the POS sequence T and word sequence W that maximize the following probability:
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We make the following approximations that the tag probability, P(T) is determined by the preceding tag only and that the conditional word probability, P(W|T) is determined by the tag of the word. HMMs assume that each word has a hidden state which is the same as the POS tag of the word. A tag ti-1 transits to another tag ti with the probability P(ti|ti-1), and outputs a word with the probability P(wi|ti). Then the approximation for both probabilities can be rewritten as follows.
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The probabilities are estimated from the frequencies of instances in a tagged corpus using Maximum Likelihood Estimation. F(X) is the frequency of instances in the tagged corpus and (wi, ti( shows the co-occurrences of a word and a tag.
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The possible segmentation of a sentence can be represented by a lattice, as shown in Figure 1. With the estimated parameters, the most probable tag and word sequence are determined using the Viterbi algorithm.

[image: image4]
Figure 1 Example of a lattice using HMM

We first calculate the following (i(t) and (i(t) for each POS tag t from the beginning of the sentence,
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where t and s are POS tags (states). Second, the most likely POS sequence T is found by backtracking:
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In practice, the negated log likelihood of P(wi|ti) and P(ti|ti-1) is calculated as the cost. Maximizing the probability is equivalent to minimizing the cost.
This POS tagger is only able to segment and POS tag known words that can be found in the dictionary. If the words are not found in the dictionary, they will be segmented accordingly, depending on the parts of words that can be found in the dictionary. Therefore, we need further processing in order to segment the unknown words correctly.
ChaSen
 is a widely used morphological analyzer for Japanese texts (Matsumoto et al., 2002) based on Hidden Markov Models. It achieves over 97% precision for newspaper articles. We customize it to suit our purpose for Chinese POS tagging. The only modification done is with the tokenization module. In Japanese, there are one-byte characters for katakana, but in Chinese all words are two bytes. These one-byte characters in Japanese are in conflict with the two-byte characters in Chinese. We just need to remove the checking of one-byte characters besides the ASCII character set.
3.2 Unknown Word Detection
3.2.1 Word-based vs Character-based Features

From the output of the POS tagger, a sentence is segmented into words together with their POS tags. We can actually use the direct output from the POS tagger, which is the word-based for detecting the unknown words. In this case, the features used in the chunking process consist only of the words and the POS tags, as shown on the left hand side of Figure 2.

Here, we propose to break the segmented words further into characters and provide the characters with more features. Character-based features allow the chunker to detect the unknown words more effectively. This is especially true when the unknown words overlap with the known words. For example, the POS tagger will segment the phrase “邓颖超生前…” (Deng Yingchao before death) into “邓/颖/超生/前/…” (Deng Ying before next life). If we use word-based features, it is impossible to detect the unknown person name “颖超” (Yingchao) because it does not break up the overlapped word “超生” (next life). Breaking words into characters enables the chunker to look at the characters individually and to identify the unknown words more effectively.
	Tag
	Description

	S
	one-character word

	B
	first character in a multi-character word

	I
	intermediate character in a multi-character word (for words longer than two characters)

	E
	last character in a multi-character word


Table 1 Position tags in a word
From the output of POS tagging, each word receives a POS tag. This POS tag information is subcategorized to include the position of the character in the word. We use SE chunking tag set (Uchimoto et al., 2000), as shown in Table 1, to indicate the position. Although there are other chunking tag sets, we choose this tag set because it can represent the positions of characters in Chinese in more details
. For example, if a word contains two or more characters, then the first character is tagged as (POS(-B, the intermediate characters are tagged as (POS(-I and the last is tagged as (POS(-E. A single character word is tagged as (POS(-S. Figure 2 shows an example of conversion from word-based to character-based features.

[image: image7]
‘Because of the accumulation of mud from Changjiang, the current between sea and river ...’
Figure 2 Conversion from word-based to character-based features
This character-based tagging method resembles the idea from (Xue and Converse, 2002) for Chinese word segmentation. They have tagged the characters with one of the four tags, LL, RR, MM and LR, depending on their positions within a word. The four tags are equivalent to what we have as B, E, I and S. The difference is that we use the paired tags, (POS(-(position(, as the features but they only use the position tags as the features in their model. Therefore, our features contain more information than theirs.
3.2.2 Chunking with Support Vector Machines
Support Vector Machines (Vapnik, 1995) (hereafter SVM) are binary classifiers that search for a hyperplane with the largest margin between positive and negative samples (Figure 3). Suppose we have a set of training data for a binary class problem: (x1, y1), …, (xN, yN), where xi ( Rn is a feature vector of the ith sample in the training data and yi ( {+1,-1} is its label. The goal is to find a decision function which accurately predicts y for an unseen x. An SVM classifier gives a decision function f(x) for an input vector x, where
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f(x) = +1 means that x is a positive member, and f(x) = -1 means that x is a negative member. The vectors zi are called support vectors, which receive a non-zero weight αi. Support vectors and the parameters are determined by solving a quadratic programming problem. K(x, z) is a kernel function which calculates the inner products of the vectors mapped into a higher dimensional space. We use a polynomial kernel function of degree 2 where K(x, z) = (1 + x ( z)2.

[image: image9]
Figure 3 Maximizing the margin

We regard the unknown word detection problem as a chunking process. Unknown words are detected based on the output of the POS tagging after being converted into character-based features. SVMs are known for the capability of handling many features, which are suitable for unknown word detection as we need a larger set of features.

We use YamCha
 as the SVM models in our method. YamCha (Kudo and Matsumoto, 2001) is an SVM-based multi-purpose chunker. It extends binary classification to n-class classification because for natural language processing purposes, we would normally want to classify into several classes, as in the case for POS tagging or base phrase chunking. Mainly two straightforward methods are used for this extension, the “one-vs-rest method” and the “pairwise method”. In the “one-vs-rest method”, n binary classifiers compare one class with the rest of the classes. In the “pairwise method”,    binary classifiers are used, between all pairs of classes. As we need to classify the characters into 3 categories, we chose “pairwise method” classification method in this experiment because it is more efficient during the training. Details of the system can be found in (Kudo and Matsumoto, 2001).

We need to classify the characters into 3 categories, B (beginning of a chunk), I (inside a chunk) and O (outside a chunk). A chunk is considered as an unknown word in this case. This tagging is similar to the notation used in (Sang and Veenstra, 1999) for base-phrase chunking which is called IOB2. These tags are slightly different from the position tags used in character tagging as in Table 1. These simpler labels are sufficient to indicate the boundaries of unknown words.
We can either parse a sentence forwards, from the beginning of the sentence, or backwards, from the end of the sentence. It depends on the formation of a word, whether the head or the tail that are more meaningful. For example, “江” (family name) can be used as the head of a person name, and “人” (person) can be used as the tail of a noun for persons in charge of certain job. We assume that by looking at the more meaningful part of a word first, the word can be detected more correctly.

There are always some relationships between the unknown words and their contexts in the sentence. Tentatively, we use two characters on the left and right sides as the context window for chunking (Figure 4). We assume that this window size is reasonable enough for making correct judgment.
The training data of SVM is generated from the output of the POS tagger. First, the original training data is input as raw text into the POS tagger. Then the outputs which are words and POS tags, are converted into character-based features (as described in Section 3.2.1). Each character is labeled with IOB2 tag set to show the chunks of unknown words. Finally, this data is served as the training data for the SVM model. By doing this, the unknown words are first segmented and POS tagged wrongly by the POS tagger. Later, the output labels of the unknown words are learned by SVM based on the error output of the POS tagger.
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‘Because of the accumulation of mud from Changjiang’,“泥沙” (mud) and “冲积” (accumulation) are unknown words. Char. - Chinese character, POS-position - POS tag plus position tag, Chunk - label for unknown word
Figure 4 An illustration of the features used for chunking
Figure 4 illustrates a snapshot of the chunking process with forward parsing. To guess the unknown word tag “B” at position i, the chunker uses the features appearing in the solid box. This means that we have maximum 12 active features to classify a single character. The Chunk column is the output labels of SVM where we can identify the unknown words. The last column shows the correct answers for the output. If the chunker could guess the tags correctly, then we could get “泥沙” (mud) and “冲积” (accumulation) as unknown words.
3.3 POS Tag Guessing for Unknown Words
During the first step of unknown word detection, the segmentation and POS tagging using the HMM models are conducted for all known words. At the second step, unknown words are detected using the SVM-based chunker, but these detected unknown words do not have POS tags associated with them. In this section, we discuss a method to guess the POS tags of the detected unknown words.

We propose using Maximum Entropy Models (hereafter ME) for unknown word POS tag guessing. ME models have been widely used for solving many tasks in natural language processing and have been proved to be efficient for these tasks. Our model is similar to the one proposed by (Ratnaparkhi, 1996) for POS tagging in English.

The model’s probability of a history h together with a tag t is defined as:
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where π is a normalization constant, α1, …, αk are the positive model parameters and f1, …, fk are known as “feature funtions”, where fj(h, t) ( {0, 1}. Each parameter αj corresponds to a feature function fj. Given a set of unknown words {w1, …,wn}, with their tags {t1, …, tn} as training data, the parameters {α1, …, αk} are chosen to maximize the likelihood of the training data using p:
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In practice, the parameters can be estimated using Generalized Iterative Scaling (GIS) or Improved Iterative Scaling (IIS) algorithms. In this implementation, limited memory quasi-Newton method (Nocedal and Wright, 1999) is used because it can find the optimal parameters for the model much faster than the iterative scaling methods. The word and tag context available to the features are as in the following definition of a history hi:
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For example,
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The above feature actually says that if the previous tag equals to “n” (noun), then it is true, otherwise, false. In practice, we need to define the feature templates to be used in scanning each pair of (hi,ti) in the training data.
These parameters and features are used to calculate the probability of the testing data. Given an unknown word w, the tagger searches for the tag t with the highest conditional probability
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where the conditional probability for each tag t given its history h is calculated as
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where T is the set of all possible POS tags.
We define two types of feature templates in our model: contextual features and internal component features. The contextual features are made up from context, meaning words surrounding the unknown words. We define both unigram and bigram contextual features. Besides contextual features, the clues that are used to guess the POS tags are always the internal components of the words. For example, a word that begins with character “非” is normally a noun-modifier, and a word that ends with character “化” is normally a verb, etc. Therefore, the prefix and the suffix of a word are the important clues for telling the POS tags. In Chinese, there are more suffixes than prefixes. Although we do not analyze again the components of the unknown words whether they contain prefixes or suffixes, we just take the first characters and the last characters of the words as features. Another feature may be the length of the unknown words. Normally if a word has 4 characters, then it is probably a collocation or idiomatic phrase. A Chinese person name normally has one or two characters only. If a word has more than 4 characters, then it may be a proper noun, such as foreign names, etc. Therefore, the unknown word length can play an important role, too.
For example, in the sentence “田/nr 泳/nr 是/v 一个/m 文秀/unk 的/u 川/j 妹子/n” (Tian Yong is a lovely girl from Szechuan), “文秀” (lovely) is a detected unknown word. The features used to determine the POS tag ti of the unknown word “文秀” are as below.
Unigram contextual features

ti-2 = v, ti-1 = m, ti+1 = u, ti+2 = j, 
wi-2 = 是, wi-1 = 一个, wi+1 = 的, wi+2 = 川

Bigram contextual features

ti-2ti-1 = vm, ti-1ti+1 = mu, ti+1ti+2 = uj, 
wi-2wi-1 = 是一个, wi-1wi+1 = 一个的, wi+1wi+2 =的川

Internal component features

first(wi) = 文, last(wi) = 秀, length(wi) = 2
Based on these features, the ME models search for the POS tag that gives the highest conditional probability. In this example, the correct POS tag for “文秀” is “a” (adjective).

4. Experiments and Results

We conducted our experiments using the Peking University corpus, a one-month news of year 1998 from the People’s Daily. It contains about one million words (1.8 million characters). We divided the corpus into two parts randomly with a size ratio of 80%/20% for training and testing, respectively. The POS tag set used in this corpus is given in Appendix A.
4.1 Unknown Word Detection
We conducted the experiments using word-based and character-based features. For word-based features, only the words and POS tags were used. For character-based features, the characters, POS tags and position tags were used.

We present the results of our experiments in recall, precision and F-measure, which are defined in the equations below, as usual in such experiments.

[image: image16.wmf]precision

recall

precision

recall

measure

F

 words

unknown

 

as

 

recognized

 

of

 

#

 

total

 words

unknown

 

extracted

correctly 

 

of

 

#

precision

 words

unknown

 

of

 

#

 

total

 words

unknown

 

extracted

correctly 

 

of

 

#

recall

+

´

´

=

-

=

=

2


4.1.1 Data Preparation

We did not use other resources rather than the tagged corpus in our method. The dictionary used was created from the tagged corpus. The initial dictionary contained all words extracted from the corpus, including training and testing data (62,030 words). As we wanted to create unknown word occurrences in this corpus, all words that occurred only once in the whole corpus (both training and testing data) were deleted from the dictionary, and were thus treated as unknown words. This means that the unknown words in the testing data are not seen in the training data. A total of 25,271 (20,876 in training data/4,845 in testing data) unknown words were created under this condition. Then we deleted these words from the dictionary. After the deletion, the final dictionary contained only 36,309 entries. In other words, about 42% of the words in the original dictionary, 2.25% of the corpus, are unknown. The distribution of different types of unknown words is shown in Appendix A. In fact, with this setting, the number of unknown words is large as compared to the small dictionary. Furthermore, the unknown words are of low frequency. This dictionary was used in the training of HMM.

4.1.2 Results
The results are shown in Table 2. Around 60 points of F-measure is achieved for unknown word detection. The first two rows show the results using word-based features and the next two rows using character-based features. As shown in this table, character-based features have made an improvement. The reason of improvement is that the character-based tagging provided better features in combining sequence of characters during the chunking process. As each character carries its own features, they could be freely combined with the adjacent characters to form new words. Therefore, the recall obtained is higher.

	
	Recall (%)
	Precision (%)
	F-measure

	Word-based/F
	51.33
	64.36
	57.11

	Word-based/B
	53.02
	63.60
	57.83

	Character-based/F
	56.78
	64.49
	60.39

	Character-based/B
	58.27
	63.82
	59.87


F – forward chunking, B – backward chunking
Table 2 Results for unknown word detection

Until this stage, the detected unknown words still do not have POS tags associated with them. In order to get a rough idea on how well the model has done for each type of POS tags, we made a calculation based on the original answers. Table 3 shows the distribution for the POS tags with frequency more than 1000. This model was able to detect numbers and person names quite well, and was moderately good for place names and nouns. On the other hand, the worst was with collocations and idioms. This is because collocations and idioms have no standard morphological pattern for detection and therefore the accuracy was low.

	
	All
	Testing
	Correct
	Recall

	Noun (n)
	7902
	1618
	901
	56%

	Person Name (nr)
	4535
	605
	463
	77%

	Number (m)
	2959
	522
	422
	81%

	Verb (v)
	2691
	457
	199
	44%

	Place name (ns)
	1641
	372
	239
	64%

	Idiom (i)
	1122
	235
	72
	31%

	Collocation (l)
	1098
	203
	49
	24%


Table 3 Distribution of detected unknown words by their POS tags

At the beginning of the paper, we mentioned that there are 5 types of unknown words. Since the POS tags do not carry the information to which type the unknown words belong to, we made our own assumption as the following. Abbreviations are marked with POS “j” and proper names are of “nr, ns, nt, nx, nz”. It is impossible to differentiate between derived words and compounds because they can be almost any POS tags. We have combined them as one entity and associated them with POS tags “a, ad, an, n, v, vd, vn”. We can roughly say that numeric type compounds are “m, t” but in fact there are also words that do not contain any numbers in these categories, such as “小量” (small amount) and “夜半” (midnight). However, we do not discriminate them in our calculation. As shown in Table 4, our method could detect numeric type compounds and proper names with over 70% recall but not as good for abbreviations, derived words and compound words.
	
	All
	Testing
	Correct
	Recall

	Abbreviations (j)
	447
	87
	42
	48%

	Proper names (nr, ns, nt, nx, nz)
	7030
	1163
	819
	70%

	Derived and compound words (a, ad, an, n, v, vd, vn)
	11606
	2297
	1237
	54%

	Numeric type compounds (m, t)
	3216
	578
	443
	77%





Table 4 Distribution of detected unknown words by types

4.2 Word Segmentation
The detected unknown words were combined with the initial segmentation to get the final segmentation. The combination is simple. For example, if we have the output from SVM such as in Figure 4, then we just replace the original words with the new detected words, and the final segmentation is like “由于/c 长江/ns 泥沙/unk 的/u 冲积/unk”, where “unk” is the unknown POS tag.

We made no effort to determine whether the detected unknown words were correct words or not. We gave priority to the SVM output. There were also some cases where the initial segmentation by the HMM was correct but then was incorrectly detected as unknown word by the SVM, and this caused the undesired errors in the final segmentation.
Before the unknown word detection, the F-measure of segmentation by the HMM only achieved 95.12. After the unknown word detection using character-based features, the F-measure increased to 96.75, an improvement of 1.63. From Table 5, we observed that the improvement has taken place in precision, an increment of about 2.97%, from 93.75% to 96.72%. The result also shows that the character-based features generated slightly better result than the word-based features by F-measure. The overall segmentation recall using the word-based features is slightly higher than the character-based features because even more unknown words are detected in character-based model (higher recall), but at the same time there exists more incorrectly detected unknown words as well (errors made by SVM).

	
	Recall (%)
	Precision (%)
	F-measure

	Only using HMM
	96.53
	93.75
	95.12

	HMM+Word-based+SVM/F
	96.81
	96.45
	96.63

	HMM+Word-based+SVM/B
	96.76
	96.49
	96.62

	HMM+Character-based+SVM/F
	96.78
	96.72
	96.75

	HMM+Character-based+SVM/B
	96.63
	96.76
	96.70


Table 5 Results for word segmentation
4.3 POS Tag Guessing
The ME model used for POS tag guessing was trained on the unknown words only. There are 20,876 unknown words in the training data. During the testing, since not all unknown words were detected correctly, there was no point to guess the POS tags for wrongly detected unknown words. Therefore, we only tested on those unknown words that were correctly detected. There are 2,751 correctly detected unknown words from forward chunking (indicated by Forward in Table 6), and 2,823 from backward chunking (indicated by Backward in Table 6). We also tested with all unknown words (4,845) in the test data (indicated by All in Table 6).
As shown in the previous section, we obtained only about 64.5% precision for unknown word detection. Therefore, we evaluate the POS tag guessing results in two ways. The first is evaluated based on the correctly detected unknown words, and the second is based on all detected unknown words (of course those wrongly detected words are treated as wrong POS tags). We evaluate the results with the following equations.
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Table 6 shows the results of the POS tag guessing for unknown words. Forward shows the results using the output from forward chunking in SVM as test data, Backward shows the results using backward chunking, and All shows the results using all unknown words in the test data. The rows marked with unigram shows the results where we use only the unigram contextual feature. The rows marked with +bigram show the results of unigram plus bigram contextual features. The remaining rows (+others) are the results obtained if we also include the internal component features. We obtained about 67-78% accuracy if the unknown words were correctly detected and 41-50% for overall detection. The results also show that combining unigram and bigram features, with the internal components features gives the best result.
	Features
	Test data
	POS accuracy of correctly detected unknown words
	POS accuracy of all detected unknown words

	unigram
	Forward 
	67.21%
	44.40%

	
	Backward
	67.45%
	41.52%

	
	All
	59.48%
	-

	+bigram
	Forward 
	67.65%
	43.62%

	
	Backward
	67.84%
	41.75%

	
	All
	60.52%
	-

	+bigram +others
	Forward 
	77.72%
	50.12%

	
	Backward
	78.00%
	48.02%

	
	All
	71.27%
	-


Table 6 Results of POS guessing for unknown words
4.4 Overall POS Tagging
After assigning the POS tags to the unknown words, we evaluate the POS tagging performance. Table 7 shows the overall POS tagging results. We obtained an F-measure of 91.58, an increment of 1.85, compared with using only HMM model. We could not get a good overall result because even the known words were tagged wrongly with the baseline HMM model. Furthermore, mistakes made by unknown word detection have also caused some correctly segmented words to be wrong at final stage.

	
	Recall (%)
	Precision (%)
	F-measure

	Only using HMM
	91.06
	88.43
	89.73

	HMM+Character-based+SVM/F
	90.27
	90.22
	90.25

	HMM+Character-based+SVM/B
	90.13
	90.25
	90.19

	HMM+Character-based+SVM/F+POS/ME
	92.08
	91.01
	91.54

	HMM+Character-based+SVM/B+POS/ME
	92.11
	91.07
	91.58


Table 7 Results for overall POS tagging
We used the ME model to guess the POS tags of unknown words only. Those known words that have been tagged by the HMM model remained unchanged. The problem is that if the left-right context of an unknown word was tagged wrongly by the HMM model, then the unknown word will probably be tagged wrongly as well. Our HMM model achieved only an F-measure of 89.73 for initial POS tagging, therefore it is very difficult to guess the POS tags of unknown words as the initial tagging was imperfect.

4.5 Error Analysis
4.5.1 Overlapping
Although our method tackled especially the overlapping cases, the results turned out to be not so satisfactory. There are 325 and 90 overlapping cases in the training and testing data, respectively. Out of the 90 cases in the testing data, only 5 cases have been detected. In the phrase “酒/n 台上/s 铺/v 着/u 新/a 台/q 布/n” (the bar is covered with new table cloth), the unknown word “酒台” (bar) has been detected (but the unknown word “台布” (table cloth) has not been detected). Unfortunately, there are still many cases which could not be detected. For example, in “到/v 一/m 年终/t 了/y” (When a year ended), the unknown word “终了” (ended) could not be detected, and in “不断/d 引/v 动人/a 们/k 的/u” (continuously attract the people's ...), the unknown word “引动” (attract) could not be detected as well. We still need to find an alternate approach to solve this problem.

4.5.2 Reduplication
There are a lot of Chinese words which can be reduplicated to form new words. There are basically seven types of reduplication patterns (Yu et al. 2003).

1. A to AA: eg. 走走/v (to walk), 听听/v (to listen), 厚厚/z (thick), 尖尖/z (sharp)

2. AB to AAB: eg. 挥挥手/v (to wave hand), 试试看/v (to try)

3. AB to ABB: eg. 孤单单/z (alone, lonely), 一阵阵/m (classifier for wind)

4. AB to AABB: eg. 整整齐齐/z (tidily), 比比划划/v (to compete), 日日夜夜/d (days and nights)

5. AB to A(X)AB: eg. 马里马虎/z (careless), 相不相信/v, (believe or not), 漂不漂亮/z (pretty or not)

6. AB to ABAB: eg. 比划/v 比划/v (to compete), 很多/m 很多/m (a lot), 一个/m 一个/m (each of them), 哗啦/o 哗啦/o (onomatopoeia, the sound of rain)

7. A(X*)A: eg. 谈/v 一/m 谈/v (to discuss),  想/v 了/u 想/v (to think), 读/v 了/u 一/m 读/v (to read)

Normally, the form A or AB are known words, but the newly generated patterns are unknown words. Out of these seven types of patterns, only the pattern number 6 and 7 are easily recognized as they are still segmented as in the dictionary units. However, the rest cannot be detected easily as they are considered as one single unit. This type of unknown words probably can only be solved by introducing some morphological rules.

4.5.3 Consecutive Unknown Word
There are some incorrect cases when two (or more) consecutive unknown words exist. For example, “开怀狂饮” (drink wildly and happily), should be two unknown words, “开怀/d” (happily) and “狂饮 /v” (drink wildly), but this model combined them to produce only one unknown word. Other examples of consecutive unknown words are “二三流货色” (second third class items, 二三流/d 货色/n), “迎宾送客” (to welcome and see off customers, 迎宾/vn 送客/vn) and “京腔京韵” (Peking slang, 京腔/n 京韵/n).

4.5.4 Inconsistency
There exist also some inconsistencies in the pattern of words. For example, “甲等/n 奖/n” (first prize) is considered as two words but “一等奖/n” (first prize) is one word, and “办学/vn 史/Ng” (the history of building school) as two words but “建设史/n” (the history of construction) and “发展史/n” (the history of development) as one word, even they have the same suffixes. Our model combined “甲等奖” and “办学史” as one word, but were considered as errors since the original segmentation were separate words. Normally if a word is a frequently used word, then it will be considered as one word, or else, it will be separated as two words. Furthermore, if the word before the suffix is a monosyllabic word, then it will be combined with the suffix, or else, it will become two words. These are some of the special rules that have been defined by the Peking University Corpus which perhaps can only be corrected by defining some rules according to their standard.
4.5.5 Single Character Unknown Word
Problems occur when the unknown words consist of only one single character. Normally this should not happen if we have a quite complete lexicon for all common characters in Chinese (about 6,000 over characters). However, the dictionary that we used was extracted from the corpus. We actually did not have enough vocabularies even for just common characters, as these characters occurred only once in the corpus. For the single character unknown words, they were easily combined with the adjacent character to form new words by our model, which caused the errors in detection. Some of the examples are as “早夭” (die in early age), “尽孝” (respect to parents) and “含苞待放” (like blossom of flower) (The underlined characters are unknown characters). Perhaps it is better if we exclude these characters as unknown words. Using our definition, there exist 559 single character unknown words in the corpus.
5. Comparison with Other Work
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Figure 5 Conversion from word-based to character-based features by Yoshida

Similar research was done for Chinese word segmentation and POS tagging in (Yoshida et al., 2003). They used the same chunker, YamCha, and Chinese Penn Treebank (with 100,000 words) in their experiment. They also split the words into characters, and labeled the characters with the IOB2 chunking tag set, as shown in Figure 5. The context window size is two characters at left and right sides, and only the characters and the previously tagged POS tags are used as features for chunking. Their method processes word segmentation and POS tagging simultaneously for solving both ambiguity problem and unknown word detection. They obtained about 88% accuracy for overall POS tagging and 40% for unknown word detection. The problem with this method is that the time used for training and analysis is long because it is based on the number of POS tags and the IOB2 tags. Therefore, for Chinese Penn Treebank, with 33 POS tags and 2 IOB2 tags, they need to classify the characters into 66 classes. If the number of POS tags increases, such as using Peking University corpus, with 39 POS tags, they will need 78 classes. They also conducted an experiment using the Peking University corpus and obtained an accuracy of 92% for overall POS tagging, which is slightly better than ours. The detailed results were reported only on Chinese Penn Treebank. Therefore we do not know the accuracy for unknown word detection on Peking University corpus.

 (Xue and Converse, 2002) proposed a method that combined two classifiers for word segmentation. They combined a maximum entropy-based word segmenter with an error driven transformational model for correcting the word boundaries. In contrast, we used an HMM-based model for segmentation and an SVM-based model for correction. They also used character-based tagging on the position of characters in a word which is the same as ours. They used Penn Chinese Treebank with a size of about 250,000 words in their experiment. As the corpus used is different from ours and the segmentation standard is different, we can only make a tentative comparison. They achieved an F-measure of 95.17. Our method is slightly better, with and F-measure of 96.75.
In year 2003, a competition for Chinese word segmentation was carried out in SIGHAN
 workshop to compare the accuracy of various methods (Sproat and Emerson, 2003). Previously, it was difficult to compare the accuracies of various systems because the experiments were conducted on different corpora. Furthermore, the segmentation standard varies across different corpora provided by different institutions. Therefore, this bakeoff intended to standardize the training and testing corpora, so that a fair evaluation could be made. The segmentation results of the open test for PK dataset
 are 88.6–95.9 points of F-measure and the recalls for unknown word detection are 50.3–79.9%. We did not re-train our model with their training materials, but just used what we have on hand to run on the testing data. We obtained an F-measure of 94.4 for segmentation and the recall for unknown word detection is 70.6%, somewhere in the middle compared to the bakeoff results.
There exist also some practical systems that have been developed by some institutions or companies, such as Tsinghua University, Peking University and Basis Technology. The system CSeg&Tag 1.1 (Sun et al., 1997) (60,133 word entries) by Tsinghua University reported that the segmentation precision is ranging from 98.0% to 99.3%, POS tagging precision from 91.0% to 97.1%, and the recall and precision for unknown words are from 95.0% to 99.0% and from 87.6% to 95.3%, respectively. The SLex 1.1 system, developed by Peking University (70K over word entries), reported an accuracy of 97.05% for segmentation and 96.42% for POS tagging. Basis Technology presented a commercial product, a Chinese Morphological Analyzer (CMA) (Emerson, 2000; Emerson, 2001) which has 1.2 million entries in their dictionary (the accuracy is not known). The dictionaries that they used are much bigger than ours. Therefore, the unknown word rate should be lower. Furthermore, all of them have combined statistics based and rule based methods in their approaches. They used some rules that have been handcrafted by human over the past 10-20 years. Therefore, it is quite difficult for us to be as competitive as them because we do not have the expert to create those heuristic rules. These rules are very useful in handling some special situations such as duplication of words and segmentation inconsistencies.
6. Conclusion
As a conclusion, we proposed a unified solution for Chinese unknown word detection. Our method was based on a morphological analysis that generated initial segmentation and POS tags using Hidden Markov Models, followed by a character-based chunking using Support Vector Machines. The experimental results showed that the proposed method generated satisfactory results for low frequency unknown words in the texts. We have also shown that character-based features generated better results than word-based features in the chunking process. We have also proposed a method to guess the POS tags of the detected unknown words using Maximum Entropy Models. We defined both contextual and internal component features for the guessing. By combining all the steps, we have improved the accuracy of segmentation and POS tagging for Chinese texts.
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Appendix A
List of POS tags used in Peking University corpus
	
	POS
	名称
	Description

	((
	Ag
	形语素
	Morpheme used in adjective

	(*
	a
	形容词
	Adjective

	((
	ad
	副形词
	Deadjectival adverb

	((
	an
	名形词
	Deadjectival noun

	(
	Bg
	区别语素
	Morpheme used in noun-modifier

	(*
	b
	区别词
	Noun-modifier

	(*
	c
	连词
	Conjunction

	((
	Dg
	副语素
	Morpheme used in adverb

	(*
	d
	副词
	Adverb

	(*
	e
	叹词
	Interjection

	(*
	f
	方位词
	Localizer

	*#
	g
	语素
	Morpheme

	*
	h
	前接成分
	Head/Prefix

	(*
	i
	成语
	Idiom

	(*
	j
	简称略语
	Abbreviation

	*
	k
	后接成分
	Tail/Suffix

	(*
	l
	习用语
	Collocation

	((
	Mg
	数语素
	Morpheme used in number

	(*
	m
	数词
	Number

	((
	Ng
	名语素
	Morpheme used in noun

	(*
	n
	名词
	Noun

	(+
	nr
	人名
	Person name

	(+
	ns
	地名
	Place name

	(+
	nt
	机构团体
	Organization name

	(+
	nx
	外文字符
	Foreign character (alphabet)

	(+
	nz
	其他专名
	Other proper names

	(*
	o
	拟声词
	Onomatopoeia

	(*
	p
	介词
	Preposition

	(#
	Qg
	量语素
	Morpheme used in measure word

	(*
	q
	量词
	Measure word

	((
	Rg
	代语素
	Morpheme used in pronoun

	(*
	r
	代词
	Pronoun/determiner

	(*
	s
	处所词
	Place noun

	((
	Tg
	时语素
	Morpheme used in temporal noun

	(*
	t
	时间词
	Temporal noun

	(#
	Ug
	助语素
	Morpheme used in particle

	(*
	u
	助词
	Particle

	((
	Vg
	动语素
	Morpheme used in verb

	(*
	v
	动词
	Verb

	((
	vd
	副动词
	Deverbal adjective

	((
	vn
	名动词
	Deverbal noun

	(*
	w
	标点符号
	Punctuation mark

	*#
	x
	非语素字
	Non-morpheme character

	(
	Yg
	语气词
	Morpheme used in modal/sentence-final particle

	(*
	y
	状态词
	Modal/sentence-final particle


* - basic tag, + - proper noun tag, ( - linguistically defined tag, # - defined but not exist in the corpus, ( - unknown words exist
(i = 1, …, n)





(i = 1, …, n)





A token





CTB





台湾 / NR


在 / P


两 / CD


岸 / NN


贸易 / NN


中 / LC


顺差 / NN


一百四十七亿 / CD


美元 / M


。 / PU








Training Data





台	B-NR


湾	I-NR


在	B-P


两	B-CD


岸	B-NN


贸	B-NN


易	I-NN


中	B-LC


顺	B-NN


差	I-NN





margin





Negative examples





Positive examples





一	B-CD


百	I-CD


四	I-CD


十	I-CD


七	I-CD


亿	I-CD


美	B-M


元	I-M


。	B-PU





A chunk
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otherwise





Position tag





POS tag





‘Looking forward to a hopeful new century’





新世纪


nz





世纪


n





新


j





新


d





新


a





的


u





希望


vn





希望


v





希望


nz





希望


n





充满


v





向


p





迈


v





迈


nr





迈向


v





由	c-B


于	c-E


长	ns-B


江	ns-E


泥	unk-S


沙	nr-S


的	u-S


冲	v-S


积	unk-S


，	w-S


江	nr-S


海	nr-S


潮	n-B


流	n-E


、	w-S





由于		c


长江		ns


泥		unk


沙		nr


的		u


冲		v


积		unk


，		w


江		nr


海		nr


潮流		n


、		w
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� EMBED Equation.3  ���








� The ideographs used by both languages hold rich information on the meaning of the characters.


� http://chasen.naist.jp/


� The other chunking tag sets such as IOB and IOE use only two tags to indicate the beginning and the end of a chunk.


� http://chasen.org/~taku/software/yamcha/


� NR - proper noun, P - preposition, CD - cardinal number, NN - common noun, LC - localizer, M – measure word, PU - punctuation. Note that tag “O” is not used for tagging.


� A Special Interest Group of the Association of Computational Linguistics, http://www.sighan.org/.


� Corpus provided by Peking University.
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