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In multilingual environments, a single statement may include content from more
than one language, a phenomenon known as code-switching. Among speakers of Manda-
rin Chinese, code switching is a frequent occurrence in daily life, and this mixing of dif-
ferent languages poses serious challenges for language processing. This paper collects
text corpora including code switching between Mandarin and English and Mandarin and
Taiwanese, where Mandarin is the dominant language. Mutual information and entropy
are then used as a basis for an algorithm to identify unknown words from multilingual
texts which are then automatically referenced for multilingual inclusions. Experimental
results show that the proposed method effectively filters unrelated new words, thus im-
proving the accuracy of extracting unknown words.

Keywords: code switching, unknown word extraction, mutual information, entropy, nat-
ural language processing

1. INTRODUCTION

Speech and language processing play a critical role in human-machine interface ap-
plications. In recent years, speech and language processing technologies have improved
significantly, and are now incorporated into a wide range of applications, including
speech recognition and synthesis [1, 2], spoken dialog systems [3-5], voice activity de-
tection [6-8], information retrieval [9, 10], question answering [11, 12], and sentiment
analysis [13-15]. However, there are over 6,900 human languages in use worldwide [16]
and increasing trends towards globalization and international exchange are driving in-
creased demand for multilingual services such as in the hospitality industry and in emer-
gency/ medical services. In addition, international companies now use multi-language
customer service systems to provide customers around the world with phone-based sup-
port. Therefore, how current systems support multiple languages has emerged as a key
challenge for speech and language processing technologies.

In a multilingual environment, a sentence may include content from more than one
language, a phenomenon known as code-switching or language mixing [17, 18]. Code-
switching frequently occurs in bilingual or multilingual areas where cultural and educa-
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tional processes have exposed speakers of the locally dominant language to the dominant
languages of globalization. Specific customs, occasions and interlocutors may induce
speakers to engage in code-switching. Code-switching utterances are typically based on
the locally dominant language (primary language), inserting words or phrases borrowed
from the secondary language. In Taiwan, Mandarin Chinese is the dominant language,
while Taiwanese is also frequently spoken. In addition, a strong emphasis on English
language learning has steadily improved English language skills. As a result, Mandarin
speakers frequently code-switch in Taiwanese or English, and this appears not only in
conversation but in media, including newspapers, magazines and online resources. The
following sentences are based in Mandarin, but include language items in English (E) or
Taiwanese (T).

(E1) WijE ECFA B[R A TEA AR -
(Formal negotiations on the cross-strait ECFA are about to begin.)
(B2) SAZ8ELETBRHY SPA JEH) -
(Enjoy the LOHAS spa activities.)
(T1) ZEELGH - (s ADURE Y\ UEFFSE -
(The election is tight and the candidates are pa-pa-tsau pleading for support.)
(T2) BHA—FIREGKAIHHTIE -

(This is a very traditional kam-a-tiam.)

Research on code-switching is primarily the domain of linguistics or sociology, and
few studies have examined code-switching from the perspective of automatic speech
processing. Corpora include EAT (http://www.aclclp.org.tw) and the Formosa Speech
Database (ForSDat) [19]. Studies of speech recognition have examined mixed Mandarin
and English speech [20, 21], Mandarin and Taiwanese [22, 23], and Cantonese and Eng-
lish [24, 25], along with the development of a multiple-language acoustic model [26],
and speech synthesis of mixed Mandarin and English utterances [27, 28].

The above-mentioned multilingual code-switching research focuses on corpus es-
tablishment, language modeling and language recognition, lexicon augmentation, lan-
guage modeling, spoken language recognition and other language processing issues, but
speech processing technology also plays an important role. For example, in lexicon
augmentation, the “ECFA” in (E1) is not found in an English dictionary, while the
phrases “PlP\7E” (pa-pa-tsdu), which means hang out elsewhere in (T1), and “fH{F/E”
(kam-a-tiam), which means a grocery store in (T2), are not found in a Taiwanese dic-
tionary. The presence of these unknown expressions will impact the effectiveness of the
language model and subsequent voice recognition.

Previous studies on unknown word extraction can be generally divided into rule-
based, statistical-based and learning-based methods. Rule-based methods typically use a
set of hand-crafted morphological rules to detect unknown words and have been suc-
cessfully applied for many languages such as Chinese [29] and Arabic [30] along with
French medical words [31]. However, manually designing such morphological rules is
labor- intensive and statistical-based and learning-based methods were proposed to au-
tomatically extract unknown words from text corpora. For example, pointwise mutual
information (PMI) [32-34] and entropy [35] are commonly used statistical measures.
PMI extracts unknown words based on co-occurrence frequency between them, while
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entropy accomplishes this by considering the contextual distributions of words as an in-
dicator of semantic integrity. The rule-based and statistical-based methods can further be
combined to build a hybrid model [36, 37]. For learning-based methods, a series of con-
ditional random fields (CRF) based [38, 39] and boosting-based [40] methods were pro-
posed to detect unknown words. More recently, deep neural network models have been
developed to deal with the unknown word issue in various tasks such as parsing [41],
discourse [42] and question answering [43]. For our task, the supervised machine learn-
ing methods are not suitable because of the difficulty of collecting a large dataset of
mixed Mandarin and Taiwanese sentences for model training. Therefore, this study uses
a statistical-based method that combines the mutual information and entropy to extract
unknown words from low-resource mixed Mandarin and Taiwanese sentences.

The remainder of this paper is organized as follows: Section 2 introduces the multi-
lingual corpora and analysis results. Section 3 explains the algorithm used to extract un-
known words. Section 4 provides experimental results, and Section 5 presents conclusions.

2. MULTILINGUAL CORPORA COLLECTION AND ANALYSIS

2.1 Multilingual Corpora Collection

This paper considers code-switching between three languages — Mandarin Chinese,
Taiwanese and English. It summarizes the characteristics of the multilingual corpora
including sentence or grammatical structures prone to inclusion, facilitating follow up on
unknown terms, and describes the design of the language model and language processing
module. A relatively large number of Mandarin-English and Mandarin-Taiwanese cor-
pora have been developed from online BBS sources, blogs and discussion forums focus-
ing on current affairs, tourism, cuisine and other topics.

2.2 Code-Switching Analysis

Taiwanese and English phrases can appear anywhere in a Mandarin code-switched
sentence, and there are no actual rules regarding code-switched content positioning.
However, several studies have found consistent structures and patterns in Mandarin-
English code-switched sentences [17, 18]. Based on this pattern analysis, we collected
Mandarin/Taiwanese/English corpora from online sources, with partial results shown in
Table 1.

To further analyze parts of speech and patterns in these mixed phrases, we random-
ly selected 500 online news articles for manual segmentation of Taiwanese and English
phrases, with results shown in Tables 2 and 3. Statistical results for Table 2 indicate that
about 90% of the English content appearing in the Mandarin texts are nouns, and are
typically personal or geographical names, while verbs account for only about 10% of
such content. This indicates that verbs are typically expressed in L1, with speakers re-
sorting to the original English names for companies, restaurants and geographical loca-
tions, as using these English terms will not result in communication problems. These
terms are not frequently translated into Chinese, thus using the original English can actu-
ally improve comprehension. The distribution of Taiwanese phrases within Mandarin
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sentences contrasts sharply with that of English, with the statistical results in Table 3
indicating that about 70% of Taiwanese code-switching consists of verbs, as opposed to
about 24% for nouns. Aside from the speaker’s personal habits, these phrases are popular
semantic expressions. In addition, Taiwanese is used relatively infrequently for the for-
mal names of places and organizations, on the other hand, Taiwanese noun and verb.

Table 1. Taiwanese and English patterns in the Mandarin corpora.

Pattern

Example

Degree adverb +
Adj. phrase

kg ER smooth A CIRME
(The flavor of this dish is very smooth.)
EXRBEENEERAS

(The owner of this restaurant is very a-sha-li.)

Adj. phrase + 1Y(--€)

IEHLEL% A 1] DL shopping By
(There’s no place for shopping around here.)
SRR TR T BV LR 1

W(e finally got some tsiok-kdm-sim --€ service.)

[Y(--€) + Noun phrase

HHLHY pizza > BRSSP ELRRA
(Each slice of New York style pizza is about as big as your face.)
SRS B SR BN B K PR A SRR |

(I really miss Liu Wencong’s huan-a-hué egg cake!)

Pattern 1 + Pattern 2
Pattern 2 + Pattern 3
Pattern 1 + Pattern 2 +
Pattern 3

TR — R AR K S5

(I"11 take you to my favorite hot pot restaurant.)
i—F5] hotel HY view % ?

(Which hotel has the best view?)
BT — LR RIS

(This area has some very old kam-a-tiam.)

Quantity pronoun +
Noun phrase

FefMiEH Bk issue FEfiF1

(We still have a few issues to resolve.
BERTHERSEEFE

(This night market sells many tsha t-4-hué.)

Noun phrase +
Location noun

FAPIIAE lobby FEH/KH R i

(We’ll meet by the fountain in the lobby.)

B b A — SO L

(Hang-l0o-té has a very large status of the God of Wealth.)

Table 2. Distribution of English expressions by part of speech and type in the Mandarin-

English corpus.
Part of Speech Num. Proportion Examples
Personal Names 89 [25.14% John Culver, Kobe, Paul Hertz
Place Names 80 [22.60% Boston, London, Paris
Organizations 70 119.77% NASA, NIKE, NHK, LV, Sony
Nouns Units of Measurement | 14 3.95% 20.4% cm, GHz, kg
Food Items 13 3.67% bagel, coffee, salad
Other 54 15.25% cartoon, CPR, I-phone, MSN, MVP
Verbs — 34 9.6% | 9.6% | call-in, DIY, po, shopping
Total 354 100%
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Table 3. Distribution of Taiwanese expressions by part of speech and type in the Man-
darin-Taiwanese corpus.

POS Count | Proportion Example
Noun 17 23.61% | & (in-tsiong), [&fF (gin-4), K/ (thinn-kong-peh)
Verb 50 69.44% | Il (ké-sian), JLIIZE (tsho-leh-tan), /35 /) (a-sha-li)
Adverb 2 2.78% | BE (16ng), T (ma)
Interrogative 3 4.17% | $#/E (4n-tsudnn), 1% (sidnn)
Total 72 100%

3. EXTRACTING UNKNOWN WORDS

Many of the phrases found in the multilingual corpora are not found in current dic-
tionaries, and thus may not be accurately segmented. For example, “H\HFE” (pa-pa-tsau)
is not identified in the CKIP system (http://ckipsvr.iis.sinica.edu.tw) [44], thus another
task for the current year is to identify unknown words in the multilingual corpora, partic-
ularly phrases. We propose an algorithm that extracts unknown words and segments
them against language corpora. These unknown words are then cut into individual words
or shorter phrases, and the frequent repetition of two adjacent words can be used as an
important basis for detecting new words. We use the frequently cited PMI approach
[32-34] to assess the collocation of two words, and filter adjacent words with higher PMI
values as candidates for new words. PMI only considers two directly adjacent words.
However, combinations of adjacent words are typically not new words. Therefore, in
addition to PMI, we also use contextual entropy to filter unrelated new words, thus im-
proving accuracy [35]. The process is shown in Fig. 1.

3.1 Word Segmentation

The collected multilingual corpora were segmented using Mandarin, Taiwanese and
English dictionaries, along with CKIP to identify unknown words and phrases. CKIP
annotates English words as “FW”.

3.2 Mutual-Information-Based Word Aggregation

Among complete sentences in the language corpus, PMI score for any two adjacent
words are calculated from left to right as follows:

P(w;,w,) _1 C(w;,w,)*N
POw)P(w))  E Cw)C(w,)’

PMI(w;,w;) =log €))

where C(w;, w;) is the number of times w; and w; appear in the corpus and N is a constant
that represents the number of words in the corpus. Here we use Google to query the
number of returned files as C(w;, w;) and C(w;) and C(w;). Because we are unable to pre-
cisely determine the value of N, we use 10" as a substitute (the size of the value of N
does not influence the PMI ordering results). The PMI values for the collocation of all
adjacent words are then arranged in descending order to filter for new word candidates.
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Fig. 1. Flowchart of the proposed unknown word extraction method.

3.3 Entropy-Based Filtering

The candidate words generated in the previous stage may include irrelevant terms,
mainly because PMI only considers collocation between individual words and does not
consider whether the term is a complete semantic unit. In general, it is more difficult to
use statistical methods to directly assess the completeness of a denotation, but a seman-
tically complete word has specific characteristics in pragmatic performance. That is, it
can be used with many other words to form a larger unit. Therefore, if a small number of
words are typically found adjacent to a given word, then the word in question is highly
dependent on these words and thus provides more opportunities for combination into a
new word. Given these characteristics, the semantic completeness of a word can be mea-
sured indirectly by the number and degree of dispersion of adjacent words as follows:

o Large number of adjacent words in an even distribution—>semantically complete—stan-
dalone use

e Small number of adjacent words in a concentrated distribution—semantically incom-
plete—suitable for merging with adjacent words to create new words

For example, the CKIP segmentation result for “HlP\E" (pa-pa-tsau) is “PlLH\”
(pa-pa) “ZE” (tsau). Therefore we queried Google for “PiH\” (pa-pa), extracting 999
titles featuring “F\#\” (pa-pa) from the results to analyze the distribution of the left and
right adjacent words. The results in Table 4 shows 212 and 58 different words respec-
tively collocate to the left and right of “B\H\” (pa-pa), and “3E” (tsdu) was found to fol-
low “B\P\” (pa-pa) 336 times, while the distribution of the left adjacent words was con-
siderably more even, indicating that “f/\/1” (pa-pa) and “;E” (tsdu) are highly correlated.
Thus “PlP\” (pa-pa) is more likely to merge right to form a new word.

To systematically analyze the contextual distribution of each word, we convert the
word frequency into a probabilistic representation by dividing the left and right word
frequency by the total frequency. The entropy measure can then be used to indicate the
degree of concentration in the left and right contextual distributions. Assume RC(w;) =
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Table 4. Five most common collocations for “§\ A ” (pa-pa).

H\P\ (pa-pa)

Frequency Prior Following Frequency
8 E (ai) 7E (tsdu) 336
5 X (nfig) GO 42
5 Taiwan i (tsdu) 23
2 [ fE (him) 21
1 r & (tsdu) 19
{wy, ..., w,} indicates the right context of a word w, which is combined with the word to

its right, thus the entropy of the right context of w, can be defined as:

Hpe(w)== Y, P(w)log, P(w,), 2

w,eRC(w,)

where Hpc(w;) is the right context entropy of w, and P(w;) = C(w;)/N is the probability of
a given word appearing in the right context of w,, where C(w;) is the number of times w;
appears to the right of w; in the corpus, and N is total number of times that all adjacent
words appear to the right of w,. Similarly, H;(w,) is the left context entropy of w,, and is
calculated in the same way. Using the abovementioned calculation for entropy, the
greater the concentration of contextual distribution, the smaller the entropy, while a more
even distribution corresponds with greater entropy. Therefore, using entropy as an indi-
cator of the semantic integrity of a word, we find:

o Large entropy—high semantic integrity—standalone use
e Small entropy—low semantic integrity—suitable for merging with adjacent words to
create new words

Table 5 shows the right and left context entropy for H\P\ZE (pa-pa-tsau). It shows
that the right context entropy for FlF\iE (pa-pa-tsau) is relatively lower, indicating low
semantic integrity, thus making it well suited for combination to the right adjacentiE
(tsdu) to create a new word. The left and right entropy for & (si) and HY (--€) are very
high, indicating that these words have a high degree of semantic completeness and do
not need to be merged with other words. We can see that, for two words to be merged, if
one word to the right or left is incomplete, it is a good candidate for merging. Therefore,
we define the pre-merging entropy of two words w; and w; as the minimum entropy value
for the right context of w; and the left context of w; as follows.

Hbe/bre (W[’W/) =min(Hp. (W), H (W,')) (3)

Table 5. Pre-merging left and right context entropy, using H\P\FE (pa-pa-tsau) and Z
HY (s1--&) as an example.

H,c(w) Hpye (W) H, (W) Hpe(w,)
B\ (pa-pa) 6.07 2.75 & (sD) 7.17 8.24
& (tsdu) 4.85 5.56 iy (--€) 8.34 7.72
P FE (pa-pa-tsau) 6.07 5.56 A (s1--8) 7.17 7.72
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Table 5 also shows that the right and left contextual entropy of two merged words
will increase because, after merging, the new word has higher semantic integrity. For
example, the entropy of JIP\FE (pa-pa-tsau) is 2.75 before merging. After merging, if
we extract the left context of H1J| (pa-pa) and the right context of 7 (tsau), then the
post-merging right and left contextual entropy are respectively 6.07 and 5.56, as shown
in Fig. 2 (a). On the other hand, if two words with low semantic integrity are merged, the
post-merging entropy does not increase significantly, and may even decrease, as shown
in the example of & (si) and Y (--€) in Fig. 2 (b). The change in entropy following
the merger is an important indicator for determining whether the word is new or not.
Therefore, we define the ratio of pre- and post-merging entropy as follows:

H (w.,w.
g = e ) 4)

s
’ Hbgfare (W[ > Wj)

rC H g, (w,w;)

wiw; 4
Hbej/bre (Wi > W])

)

where 1€ and ARC are respectively the ratios of pre- and post-merger right and left

wiw; ww,

contextual entropy for merging w; and wj, and HLS (w,,w;) = H .(w,). That is, the left

after
context of the extracted w; is the post-merging left context of w; and w;. Similarly,
HEC (W, w,)=Hp.(w;). Thus, when AL and A% are both greater than 1, the post-mer-

ging entropy is greater than the pre-merging entropy, and the two words can be consid-
ered for joining as a new word.

B0 200
550t
850 -
500t
450 800

400 F 750

Entropy
Entropy

350 ¢ 70 -
300

250
2.00

600
B E = 5]
(@) (b)

Fig. 2. Pre- and post-merging entropy changes for two words.

4. EXPERIMENTAL RESULTS

4.1 Experimental Design

We randomly selected 500 news stories from Yahoo News, and then manually iden-
tified sentences with Taiwanese code-switching. We then used CKIP for word segmenta-
tion. If a code-switching sentence could not be successfully segmented, it indicated that
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the phrase is a new Taiwanese word. Conversely, sentences in which the Taiwanese text
was successfully segmented were not included in the experiment. According to this prin-
ciple, we selected a total of 40 sentences including new Taiwanese words as the Manda-
rin-Taiwanese test sentence set. These sentences included a total of 200 adjacent words
as candidates for merging, of which 41 were Taiwanese new words and were used as the
ground truth in the experiment. Given the segmentation results for a test sentence, we
first use the Google query results to calculate the PMI score for the left and right con-
textual entropy for any two adjacent words. The pre- and post-merging entropy ratio for
adjacent words with higher PMI scores were then calculated, and A2¢ and AX¢ were
taken as a threshold to determine whether or not the merged word was new. Fina ly, re-
call, precision and the F-measure were used to assess the effectiveness of the algorithm
used to obtain the frequency of unknown words. The recall rate is used to determine how
many of the 41 new words were correctly identified by the evaluation system, while pre-
cision was used to determine system accuracy in recommending new words, and
F-measure provided a total assessment of the recall and precision rates, where 2 * recall

* precision / (recall+precision). Generally speaking, raising PMI ensured the precision of
the thresholds A(C and A[C , but the recall rate may fall. On the other hand, setting the
thresholds are set too low may result in additional new words being identified, which
will reduce system precision.

4.2 Results

Table 6 shows the PMI scores and pre- and post-merger left and right contextual
entropy ratios for selected candidate words. The results show that raising the PMI thres-
hold filters out many non-new words, but that this results in new words such as A5
(phua-kdo-koo) (PMI too low) and F7 F7#4: (phi-phi-tsho) (AL too low) being missed.

WW;

This experiment finds that parameter settings of PMI = 3, ﬂ‘fﬁ = 1.15, and AJ7 = 1.05
obtain optimal results of F-measure = 68.49%, Recall = 60. 98%, and Precision = 78.13%.
Table 7 shows the experimental results for Fig. 3 for simultaneously adjusting 4 and

ARC (0.75~1.25).

wiw;

Table 6. PMI scores and pre- and post-merger left and right contextual entropy ratios
for candidate words.

Candidate word PMI ALC JRC

I f#(lidu-kai) EEEE(siann-mih) 12.69 1.11 1.00
% (tshui-tshui) s&x(liam) 12.33 4.14 5.29
%7 7 (phi-phi) #(tsho) 11.42 0.92 1.07
[FA(kiann) [(gin) 11.07 1.29 1.38

7 (tsai) ##4:(huat-sing) 3.90 0.79 0.96
#F(ho) Lli(suann) 0.80 1.13 1.18

T (phua) F5#H(k6o-koo) -2.14 1.33 1.14

Fh(t0) F-(sT) —2.87 1.13 1.27
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Table 7. The impact of different threshold values on the identification of unknown
words (PMI=3).

ﬂ‘fﬁj ﬂftﬁ, Recall Precision F-measure
1.15 0.75 0.6585 0.6000 0.6279
1.15 0.80 0.6585 0.6136 0.6353
1.15 0.85 0.6585 0.6136 0.6353
1.15 0.90 0.6585 0.6136 0.6353
1.15 0.95 0.6341 0.6341 0.6341
1.15 1.00 0.6098 0.6757 0.6410
1.15 1.05 0.6098 0.7813 0.6849
1.15 1.10 0.5610 0.7667 0.6479
1.15 1.15 0.5366 0.8148 0.6471
1.15 1.20 0.4390 0.9000 0.5902
1.15 1.25 0.4390 1.0000 0.6102

BNEeNA

<t @

Fig. 3. Changes to entropy before and after merging two words.

5. CONCLUSIONS

An algorithm is proposed to identify unknown words based on mutual information
and entropy. The algorithm automatically identifies unknown words in multilingual cor-
pora, using mutual information to calculate the cohesion between pairs of words, and
selecting pairs with higher cohesion as candidates. Then, the entropy-based filtering
mechanism filters irrelevant new words based on the distribution of the right and left
context. Experimental results show that the proposed entropy-based method can improve
the accuracy of filtering of unknown words. Future work will focus on further improving
accuracy through the use of machine learning methods.
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