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Abstract

Inputting Chinese text into the computer is
problematic because of the large number of
characters.  Those systems that have been
developed either fail to take advantage of
existing natural language processing
techniques, or tend to relegate the user’s role
to that of post-editing.  This paper proposes
an input system that takes advantage of a
part-of-speech tagger for contextual
constraints, and involves the user during the
conversion process.

Introduction

Inputting Chinese text into the computer is
problematic because of the large number of
characters.   Historically, there have been three
main approaches to solving this problem: code-
based input, radical-based input, and pinyin-
based input, each with its individual strengths
and weaknesses. Consider the following
sentence:

 
(1)

To use a code-based system, the user must
have previously memorized (or must look up)
the specific code for each character.  This
method allows for extremely fast entry, but
training can take as long as a year because of the
daunting task of memorizing codes for large
numbers of Chinese characters (Thompson,
1991). To use a radical-based system, the user
need only remember the keystrokes for each
radical in the Chinese language (there are around
250 of them).  However, they must also be able
to visualize how each radical is placed within
the desired character.  Pinyin-based input is

perhaps the easiest to learn, as it is based on a
phonetic spelling system for Chinese.  The
above example would be input as

ta pao de hen kuai.    (2)

Although this phonetic input method is well
suited for input on a standard keyboard of
twenty-six letters, it has traditionally been one of
the slowest, for reasons mentioned below.  A
good solution should be found to increase pinyin
input speed.  Yin (1991) describes three stages
in the development of pinyin to character
systems:

• syllable-based conversion
• whole words and phrase-based

conversion
• sentence and paragraph-based

conversion
The first stage (syllable-based conversion)

consists of entering and converting Chinese
characters one at a time.  This requires
prompting the user to choose the correct
character after each pinyin ‘word’ has been
entered, and is slow because of the large number
of homonyms in the Chinese language (e.g., the
“ta” in example (2) could represent any one of at
least fourteen characters).    The second stage
(whole words and phrase-based conversion)
allows the user to enter entire words or phrases
in pinyin before converting to characters, and
thus increases input speed and accuracy.
However, it still requires prompting the user
after each word or phrase.  The third stage
(sentence and paragraph based conversion)
consists of converting whole paragraphs, or even
pages, of pinyin at once.  This is a natural
continuation of the first two stages, and because
conversion to characters is done automatically
(without prompting the user), it allows for



increased input speed over stage one and stage
two systems.

Most modern pinyin-to-Chinese character
input systems are stage two systems.  These
systems have been greatly improved since their
inception through the incorporation of word
frequency and character bi-gram information,
but still do not (and will not) provide an
adequate solution to the input problem because
they require user intervention after every word
has been entered.

Research into developing stage three systems
has been underway for at least ten years, with
varying results.  Lua (1992) describes two
prototype systems: one which requires tonal
information, and the other which does not.
Accuracy rates for conversion were reported at
93.9% and 86.5% respectively.  Several
commercial products have also been introduced,
including BOPOMOFO (2000) and KEY CJK

(2000).  In informal testing, both products
exhibited accuracy rates of between eighty and
ninety percent.  For short compositions (100
characters or less), a ninety percent accuracy
rate might be acceptable.  But for large papers
(2000+ characters), this would mean at least 200
(2000 * .10) errors made by the system.  The
problem is compounded by the fact that all of
these systems relegate the users role to post-
editor, requiring them to go back through the
converted text to locate and correct the errors
made by the system.

This paper describes RUPERT, a stage three
system that attempts to improve pinyin input
speed through the use of a part-of-speech (POS)
tagger, and user involvement in the conversion
process (when necessary).  The POS tagger
limits the set of possible characters for a pinyin
string in context, and is appropriate in part
because most current tagging algorithms yield a
96-97% accuracy rate (Jurafsky & Martin,
2000).  While this does not automatically
translate to a 96-97% total accuracy rate for the
system, it provides a high accuracy base.  In
addition to tagging, RUPERT also involves the
user during the conversion from pinyin to
characters, much like a stage two system.  While
requiring too much user intervention could
become wearisome, asking the user to choose
the correct character when the system is unsure
gives a significantly higher accuracy rate. Thus

once the initial conversion is complete, there are
very few errors for the user to locate and correct.

1 The Tagger

RUPERT uses QTAG (Mason & Tufis, 1998), a
stochastic tagger based on the PARTS tagging
algorithm (Church, 1988).  I modified the tagger
slightly to implement a more pure Hidden
Markov Model algorithm before integrating it
with RUPERT, as this gave better results.

QTAG was originally developed for English,
but can be retrained for other languages by
providing a pre-tagged training corpus.  The
corpus I chose for this task was a collection of
twelve pre-tagged texts taken from elementary
school readers in Singapore (Yu, Zhou, et al.,
1996).  The corpus is approximately 50,000
tokens in size, and contains over 2000 unique
Chinese words.  This was the largest freely
available tagged corpus that I could locate, and
proved useful for this project because it
introduced the basic patterns and words of the
Chinese language.

The corpus was converted from characters to
pinyin using a pinyin annotator developed by
Peterson (2000).  As several Chinese characters
have multiple pronunciations (for example,

can be pronounced “da” or “dai”), I hand-
checked the text to insure correct conversion.

The tagset used to tag the corpus is described
by Zhu et al. (1995).  I modified the tagset
slightly in order to give RUPERT more
grammatical information when needed.  In the
original tagset, all three grammatical de’s were
classified as “grammatical particle” (u).  In
keeping with their different usage, my
modification gives each a unique category (
(u),  (u2), and  (u3)).  In addition, I
manually decreased the probabilities of rare tags
(prefix, suffix, shortened-name, etc).  This was
done because the relatively small size of the
corpus, as well as its introductory nature, lent
itself to over-representation of rare tags.

2 Pinyin Input

RUPERT’s pinyin input is governed by the
following two principles:

1. The pinyin must be entered without
tonal information.  Although providing the



2. 
Figure 1 : RUPERT’s User Interface

information allows for a higher accuracy rate
(cf. Lua, 1992), it slows the user’s typing speed
by requiring them to type tonal indicators after
each pinyin syllable.

2. The pinyin should be word segmented
rather than syllable segmented.  Although an
automatic segmentation routine should
eventually be added to the system, current
pinyin input should conform to the word
segmentation practiced in the training corpus.

3 Prompt Heuristics

When the user is ready to convert from pinyin
to characters, the pinyin string is first analyzed
by QTAG.  Based on the information provided by
the tagger, RUPERT must then decide whether to
automatically display the most likely character
for each pinyin word, or prompt the user to
choose the correct character.  There are several
heuristics currently implemented by the system,
based on Ptotal, an estimate of how accurate an
assigned tag is, and N, the number of characters
in a tag group with the same pronunciation.  The
formula for Ptotal is as follows:

Ptotal = 

where Pfirst is the probability of the first
tag occurring in the given context, and
Pany is the probability of any of the
word’s tags occurring in the given
context.

The guidelines, then, are as follows:

• For Ptotal ≥ .70
− If N = 1, the character is automatically

inserted.
− If N > 1, the user is prompted to choose

the correct character.
• For Ptotal < .70, the user is prompted to choose

the correct character.

Setting the threshold for Ptotal requires
balancing the desires to catch the highest
number of errors, while still keeping required
user intervention to a minimum.  If the threshold
were set at 0, no mistakes would be made, but
the user would be required to approve nearly
every character, giving little advantage over a
stage two system.  If the threshold were set at 1,
the user would never be asked to intervene, but
the system would make more mistakes.  The
threshold was rather arbitrarily set to .70, which
seemed to produce an optimal balance between
the two desires.

4 Walkthrough

The steps taken by RUPERT to process example
(1) are shown in figure 1.  First, the user types in
the pinyin sentence as shown in (2), and presses
shift-enter to begin conversion.  Tagging the
sentence provides the following information1:

                                                     
1 Because of space constraints, only the first three
tags (or less, if there are less than three tags) are
shown for each word.

Pfirst / Pany if Pany ≠ 0

1     if Pany = 0



Figure 2 : Retagging the text

ta [r:1106]  [n:0]  [v:0] (Ptotal > .70, N > 1)
pao [v:0] (Ptotal > .70, N = 1)
de [u3:1751]  [u:479]  [u2:6] (Ptotal > .70, N = 1)
hen [d:0] (Ptotal > .70, N = 1)
kuai [a:43]  [d:0]  [n:0] (Ptotal  > .70, N = 1)
. [w:0] (Ptotal  > .70, N = 1)

The first word, “ta”, has Ptotal  > .70 and N > 1,
so the user is prompted to choose the correct
character.  After the user indicates their choice,
the rest of the characters appear automatically,
without prompting the user, according to the
rules outlined above.  Note that the system
converts as it goes along (the latter characters
don’t appear until the user has chosen the correct
“ta”).

5 Error Handling

In order to minimize the impact of errors,
RUPERT examines which character the user
chooses when prompted.  If the character is not
from the most probable tag group (i.e., in the tag
ta[r:10] [v:4] [n:0], if the user chooses from any
tag group other than ‘r’), the system flushes it’s
tagging buffer and retags the text, taking into
account the user’s choice.  This is done through
dummy words, which were added manually to
RUPERT’s lexicon2.  Two dummy words are
inserted into the tagging buffer (representing the
character just chosen by the user, as well as the

                                                     
2 The tagset contains one dummy word for each of
it’s tags, and the dummy word is represented by xxx +
the tag it represents.  Thus, the dummy word for noun
is xxxn, while the dummy word for verb is xxxv.

character proceeding that), and tagging resumes.
Because the second dummy word is guaranteed
to have the correct tag (it was manually chosen
by the user), the following text receives a more
accurate tagging. Consider tagging the following
example:

   ku de shengyin hen  da                 (3)
        cry     sound     very big
       “The crying is very loud.”

  As can be seen in figure 2, “ku” has been
incorrectly tagged as an adjective.  However, as
Ptotal < .70, the user is prompted to choose the
correct character.  The left branch represents
QTAG’s continuing tag (after the user’s choice)
without the use of dummy words.  In this case,
the user is prompted to choose the correct “de”,
and then the rest of the tagging can proceed
automatically.  The right branch represents
retagging with dummy words.  Because the
dummy word representing “ku” has the correct
tag (v), the resulting tag of “de” is more accurate
than that of the left branch, and it’s Ptotal is
pushed above the threshold.  This allows tagging
to proceed without the need of prompting the
user to choose the correct “de”.

6 Test Results

As RUPERT was trained on elementary school
texts, several elementary-level texts were taken
from a Chinese newsletter (Chen, 2000) to test
the system, each ranging in size from 112 to 259
characters. For each of these texts, the accuracy
of RUPERT's selections or suggestions was



Figure 3 : RUPERT Accuracy Rates

recorded, and can be seen in figure 3.  RUPERT’s
automatic insertion rate is shown in the first line
of the figure ("auto-insertion rate"), and the
accuracy of these insertions is shown in the
second line ("auto-insertion accuracy").  The
frequency with which the user was prompted is
shown in the third line ("prompt rate"), and the
accuracy of the first choice presented to the user
is shown in the fourth line ("1st choice
accuracy"). A baseline accuracy for each article,
computed by inserting the most common
character for each pinyin word, is shown on the
fifth line (“Baseline Accuracy”).  The accuracy
of the system without any user intervention (i.e.,
if the Ptotal threshold were set to 1.0) is shown in
the sixth line (“POS only accuracy”).  The final
accuracy of the system, taking into account both
POS tagging and user intervention, is shown on
the seventh line (“Final accuracy”).  Any errors
still present in the text at this point can be
located and corrected by the user via a pop-up
menu.

As seen in figure 3, RUPERT’s POS only
accuracy is not significantly different (and is in
fact slightly lower) than the computed baseline
accuracy.  However, I suspect this is in large
part a function of the limited, elementary-level
domain used for training and testing RUPERT.
Retraining and retesting RUPERT based on a
larger, more-complex corpus should allow for a
similarly high POS only accuracy, while the
baseline accuracy would quickly drop for more
complex examples.  If so, RUPERT’s POS only
results would compare favorably to the 86.5%

reported by Lua (1992) for a toneless system,
and the averages of 80-90% obtained by
BOPOMOFO and KEY CJK.  In addition, RUPERT’s
reliance on a statistical POS tagger provides a
mechanism for intelligent user intervention in a
way the baseline system or a rule-based system,
such as Lua’s, do not.   This allows for an even
higher final accuracy rate of 99.0%.

7 Error Analysis

RUPERT’s errors all occurred when tagging
common, one-syllable words – i.e. “you”, “de”,
“ba”, and “na”.  This is not surprising, as most
of these words have at least two commonly
occurring tags, and as many as six possible tags.
Furthermore, because HMM tagging operates on
a buffer of only three words, there are cases
where important contextual clues to a word’s
correct tag will exist outside of the buffer.
Consider the following example:

ta pa       de yidian ye    bu  kuai              (4)
        he crawl      a little also  not fast
        “He crawls very slowly.”

RUPERT incorrectly tagged the “de” as the wrong
type of grammatical particle.  The important
clue needed (“kuai”) was outside of the tagging
buffer.  Potential solutions for increasing
accuracy are mentioned below.



Conclusion

This paper has described RUPERT, a pinyin
input system based on POS tagging and user
involvement during conversion.  RUPERT uses
POS tagging to narrow the space of possible
characters for any pinyin spelling, and uses the
probabilities produced by the POS tagger to
determine when to prompt the user to make the
final character selection.  Taken together, these
features allow the system a final accuracy rate of
99.0%, leaving very little to be post-edited by
the user. However, several areas remain for
further improvement:

• RUPERT’s lexicon and probability base is
too limited to be of real world use, and should be
expanded.

• The concept of “word” in Chinese has
traditionally been hard to define, so requiring the
user to manually segment pinyin into words is
problematic. Alternatively, an automatic word-
segmenter could be added to the system.  In
addition, there has been much research into
standardization of pinyin and it’s segmentation
(cf. State Language Commission, 1988), and this
work could be used to improve RUPERT.

• A mechanism for processing unknown
words should be added to RUPERT. During the
testing, several words occurring in the texts did
not exist in the lexicon, and needed to be
replaced with linguistically equivalent words.
For example, one text made frequent use of the
word “ ” (credit card).  This word was not
in the lexicon, so it was replaced by the word
“ ” (card).

• The addition of other natural language
processing components to the system (such as
pronoun inferers) could reduce the prompt rate,
without drastic effect on the final accuracy rate.

• Learning mechanisms to catch
commonly committed errors would improve the
overall accuracy of the system, while at the same
time easing the frustration of users.
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