and R, will contain the same content. If this as-
sumption holds, the vocabulary which is used to
build queries and documents vectors should have
high representative ability. Since the weight of
each term in the vector is calculated by the statisti-
cal information such as TF and IDF. If the vocabu-
lary 7* and 7’ have high representative ability,
their statistical information will be consistent as
well. This is the main motivation of our dimen-
sionality reduction method.

2.2

The most straightforward way to measure the
word’s representability in multilingual resource is
to calculate the TF and IDF of each word in differ-
ent languages. But this method has one problem
that the TF-IDF scheme is dedicated for each sin-
gle document, the same word will have different
weight in different documents. It is impractical to
impose the consistency constraint to every docu-
ment. Even we can do that, this method still has the
drawback that it is very difficult to port to another
documents collection. To address this problem, we
consider the whole documents collection as one
single document. In this condition, the IDF will be
a fixed number.

We introduce a new metric to measure the term
consistency called 7C. Figure 1 and Figure 2 illus-
trate the basic idea. In these figures, the curve L,
shows the word logarithmic frequency in the
documents collection of language L“ the curve L,
shows the corresponding translation’s logarithmic
frequency in the documents collection of language
L. TC; and TC; are the term consistency of w; and
w; respectively.

Figure 1 shows the TC in normal condition that
the average word frequency in language « is proxi-
mate to that of language 4. In this case, the 7C is
defined as below:

TC(w}) =minlog(£*)/log(f"), log(f") log(f;*)) (1)

Here f is the frequency of w; in language a. f;’
is the frequency of the w;"’s translation in language
b. In multilingual case, the TC(w;) will be defined
as below:

TC(w, ) =min@C(w}), .. TC(w!")) 2)

In the case that the average word frequency in
language « is different with that of language b, we
will first calculate the moving average as shown in
the Figure 2. After that, we use the moving average
to calculate the TC of w;as below:

Dimensionality reduction method

TC(w}') = min((log(£") + H)/log(£"), log(£") /(log(£*) + H))
®)
Here H is distance between the moving average
and the original one.

—language a

Language b _

Frequency
T

w; words w;

Figure 1. TC in normal condition

——Language a

Language b

== = =)loving average

Frequency

w words W

Figure 2. TC in shift condition

Once we get the TC of every word in language «,
we present it in a diagonal matrix 7}, =diag(TC,,
TC,, ..., TC), TC, = TC, = ... = TC.

When applying the TC matrix 7,,, in informa-
tion retrieval, we combine 7,,, into the term-by-
document matrix 4;,;, . Where 4,,,= [a;] and the
a; is the weight of term 7 in document j. We get a

new matrix B, ,=T,.,4,x4 - Then following the

txd
classical LSI, we replace B, , by a low-rank ap-

proximation derived from its truncated Singular
Value Decomposition (SVD):

T
Bivd =UpinZnsxnVdxn
Here vu” =1, wwT =1, £=diag(oy1,0,....,0,)
012092..20,20,41=...=0, =0.

The main problem of LSI is that it usually led to
a high computational complexity since the matrix
B,.; usually in 10°-10° dimensional space. To

lower the computational cost, we truncate the 7C
matrix T;,, according to different 7C threshold

and get a new matrix 7., = diag(TCy,TC,,...,TC,) ,
TC]_ZTCZ ZZTC’, ZTCr+1:...=TCt ZO. Then

we getB, =T, 4.4 . Since r is small than ¢, the
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computational cost on the matrix érxd will lower

than B,,; . Note that the matrix B, is deduced
from the 7C matrix 7,,, which is sorted by word

representative ability. It will contain less noise and
outperform the original matrix 4,,, . The experi-

mental results have shown the effective of this
method.

For one word w;" in language L there are al-
ways several translations in language L”, say (w;/”,
wil .., wikb). To handle this one-to-many phe-
nomenon, we calculate the co-occurrence of w
and each translation and select the highest one as
the translation of w/.

3 Experiments

We adopt a VSM based IR system to evaluate
the dimensionality reduction method presented in
Section 2. The term weight in the term-by-
document matrix is calculated by the TF-IDF
weighting scheme.

3.1 Training and test corpora

The training corpus comes from Chinese Linguistic
Data Consortium (http://www.chineseldc.org/, ab-
breviate as CLDC). Its code number is “2004-863-
009”. This parallel corpus contains parallel texts in
Chinese, English and Japanese. It is aligned to sen-
tence level. The sentence alignment is manually
verified and the sampling examination shows the
accuracy reaches 99.9%.

The experiments are conducted on two test cor-
pora. The first one is the information retrieval test
corpus gotten from CLDC (*2003-863-006"). It is
a Chinese IR corpus and contains 20 topics for test.
Each topic has key words and description and nar-
rative. The second one is the Reuters 2001 data
(http://about.reuters.com/researchandstandards/cor
pus/ ). This corpus is a collection of about 810,000
Reuters English news stories from August 20, 1996
to August 19, 1997. It was used by the TREC-10
Filtering Tracks (Robertson and Soboroff, 2002).
In TREC-10, 84 Reuters categories were used to
simulate user profiles.

The evaluate measure is a version of van
Rijsbergen(1979)’s F measure with S=1(we de-
note it as F1).

3.2  Experimental results

The tablel and table2 show the experimental re-
sults conducted on Chinese and English test Cor-
pus respectively. In these tables, we compare our
method with basic LSI and LPI (Xiaofei et.al,
2004). In the tablel, the ‘C-E’ means the TC ma-
trix gotten from Chinese-English training collec-
tion (deduced from the trilingual training corpus).
The ‘C-J’ means that the 7C matrix gotten from
Chinese-Japanese training collection, and so force
the ‘C-E-J’. All the TC matrices have been normal-
ized to range from 0 to 1. The threshold ¢ is used
to truncate the 7C matrix into small size. Bigger ¢
corresponds to smaller truncated 7C matrix. Note
that here @ is discrete since for some 6, the size of
truncated matrix is very similar. For example,
when 6 = 0.85 and 6 = 0.9, the size of truncated 7C
matrices are the same one.

LSI: 0.3785, LPI: 0.405

0 C-E C-J C-E-J
0.3 0.404 0.4014 | 0.4124
0.4 0.4098 | 0.406 0.4185
0.45 0.4159 |0.4185 | 0.4226
0.5 0.4204 | 0.4124 | 0.4105
0.55 0.4061 | 0.4027 | 0.3997
0.6 0.3913 [ 0.3992 | 0.396
0.8 0.3856 | 0.3867 | 0.3842
0.85 0.3744 ]0.3754 | 0.3768

Tablel.F1 measure of Chinese test corpus
LSI: 0.3416, LPI: 0.3556

0 E-C E-J E-C-J
0.3 0.356 0.3478 | 0.3578
0.4 0.3578 | 0.3596 | 0.3702
0.45 0.3698 | 0.3651 | 0.3734
0.5 0.3636 | 0.3575 | 0.363
0.55 0.3523 | 0.3564 | 0.3477
0.6 0.3422 | 0.3448 | 0.3458
0.8 0.3406 | 0.3397 | 0.3378
0.85 0.3304 | 0.3261 | 0.3278

Table2. F1 measure of English test corpus

From the experimental results, we can see that
our method make great enhancement to the basic
LSI method. And our method also outperforms the
LPI method in both test corpora. Comparing the
performance on different training collection, we
can find that the difference is subtle. In Chinese
test corpus, the TC matrix gotten from C-E-J train-
ing collection get the best performance (F1=0.4226)
at ¢=0.45 while the C-E test collection get 0.4204
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at ¢=0.5 and the C-J test collection get 0.4185 at

9=0.45. For the English test corpus, the trilingual

training collection also gets the best performance.
But the difference between bilingual and trilingual
training collection is also subtle (E-C-J: F1=0.3734,
E-C: F1=0.3698, E-J: F1=0.3651). In the English
test corpus, all the training collection get the best
performance at =0.45.

As mentioned before, the bigger ¢ means the
smaller size of the truncated TC matrix. While
small size of the truncated 7C matrix means low
computational cost and high system speed. This is
one of the advantages of our method over the tradi-
tional LSI method. We conducted some experi-
ments to test the system speed on different thresh-
old 7. We use the number of documents per sec-
ond (docs/s) to denote this kind of system speed.
The experiment is conducted on the personal com-
puter with a Pentium (R) 4 processor @2.8GHz,
256 KB cache and 512 MB memory. Table 3
shows the experimental results that the ¢ vs. sys-
tem speed and Figure 3 illustrates the £ measure
vs. the system speed.

Baseline(LSI): 566.5 docs/s

0 C-E C-J C-E-J
0.3 1039.3 | 1034.4 | 1355.0
0.4 11484 | 11889 | 13725
0.45 12905 | 12469 | 1391.3
0.5 13239 | 1323.3 | 1469.6
0.55 1393.3 | 1392.6 | 1563.8
0.6 1413.3 | 1508.8 | 1590.1
0.8 1513.1 | 1555.6 | 1660.5
0.85 16411 | 17782 | 17735

Table 3. @ vs. system speed

0.43

BN N
L

0.4

——CE
—~CcJ |
——C-EJ

Measure

wo0.39
0.38

0.37

1000 1200 1400 1600 1800
docs/s

Figure 3. F'1 measure vs. system speed

4  Conclusions

In this paper, we present a novel method that re-
duces the dimensionality using multilingual re-
source. We deduce a TC matrix from the multilin-
gual corpus and then truncate it to small size ac-

cording to different 7C threshold. Then we use the
truncated matrix together with the term-by-
document matrix to do the LSI analysis. Since the
truncated 7C matrix is sorted by word representa-
tive ability. It will contain less noise than the origi-
nal term-by-document matrix. The experimental
results have shown the effectiveness of this method.
In the future, we will try to find the optimal
truncate threshold ¢ automatically. And since it
is more difficult to get the parallel corpora than
comparable corpora, we will explore using com-
parable corpora to do the dimensionality reduc-
tion.
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Abstract SearchPhrase| Google.com| Live.com| Yahoo.com
Englishas

We describe an algorithm that relies on SEC°E¢6|1P%U39€ 306,000 52,407 386,000
web frequency counts to identify and correct Secong?afgjjge 1,490,000| 38.336,308| 4,250,000
writing errors made by non-native writers of

English. Evaluation of the system on a real- Table 1: Web Hits for Phrasal Usages
world ESL corpus showed very promising
performance on the very difficult problem of
critiguing English determiner use: 62% pre-
cision and 41% recall, with a false flag rate
of only 2% (compared to a random-guessing
baseline of 5% precision, 7% recall, and
more than 80% false flag rate). Performance
on collocation errors was less good, sug-
gesting that a web-based approach should be
combined with local linguistic resources to
achieve both effectiveness and efficiency.

raw and edited ESL prose pose an obstacle to this
approach.

In this work we consider the prospect of using
the Web, with its billions of web pages, as a data
source with the potential to aid ESL writers. Our
research is motivated by the observation that ESL
users already use the Web as a corpus of good En-
glish, often using search engines to decide whether
a particular spelling, phrase, or syntactic construc-
tion is consistent with usage found on the Web. For
1 Introduction example, unsure whether the native-sounding phrase

Proofing technology for native speakers of Englist’cludes the determiner “a”, a user might search for
has been a focus of work for decades, and sonR@th quoted strings “English as Second Language”
tools like spell checkers and grammar checkers ha@@d “English as a Second Language™. The counts
become standard features of document processiHBtamed for each of these phrases on three different
software products. However, designing an Englisﬁeamh engines are shown in Table 1. Note the cor-
proofing system for English as a Second Languad&€t version, “English as a Second Language”, has a
(ESL) users presents a major challenge: ESL wrif'ch higher number of web hits.

ing errors vary greatly among users with different In order to determine whether this approach holds
language backgrounds and proficiency levels. R&/Omise, we implemented a web-based system for
cent work by Brocketet al. (2006) utilized phrasal ESL writing error proofing. This pilot study was in-
Statistical Machine Translation (SMT) techniques téended to:

correct ESL writing errors and demonstrated that. identify different types of ESL writing errors and
this data-intensive SMT approach is very promisingjow often they occur in ESL users’ writing samples,
but they also pointed out SMT approach relies on thgo that the challenges and difficulties of ESL error
availability of large amount of training data. The ex{roofing can be understood better;

pense and difficulty of collecting large quantities of2. explore the advantages and drawbacks of a web-
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Table 5. Performance of Models with tf Scheme

Table 6. Performance of Models with tf-idf Scheme

4.2 Hit Speed

Besides precision, recall and F-score, we are al-
so interested if the system captures the intention of
the dialogue at better timing. We define one more
metric called hit speed in Formula (3). It repre-
sents how fast the sponsor links could be correctly
suggested during the progress of conversations.
For each utterance in a dialogue, we mark either X
or a predicted category. Here X denotes undecid-
able.

Assume we have a dialogue of 7 utterances and
consider the following scenario. At first, our sys-
tem could not propose any candidates in the first
two utterances. Then, it decides the third and the
fourth utterances are talking about Business and
Economy. Finally, it determines the intention of
the dialogue is Computer and Internet after reading
the next three utterances. In this example, we get

an answer string, XXBBCCC, based on the nota-
tions shown in Table 4. If the intention annotated
by human is Computer and Internet, then the sys-
tem starts proposing a correct intention from the 5"
utterance. In other words, the information in the
first 4 utterances is not sufficient to make any deci-
sion or make wrong decision.

Let CPL be the length of correct postfix of an
answer string, e.g., 3, and N be total utterances in a
dialogue, e.g., 7. HitSpeed is defined as follows.

HitSpeed = % (3)

In this case, the hit speed of intention identification
is 3/7. Intuitively, our goal is to get the hit speed
as high as possible. The sooner we get the correct
intention, the better the recommendation effect is.

The average hit speed is defined by Formulas (4)
and (5). The former considers only the correct dia-
logues, and the latter considers all the dialogues.
Let M and N denote total dialogues and total cor-
rect dialogues, respectively.

~ Zzl HitSpeed,

AvgHitSpeed = <= 4
M .
—HitSpeed.

AvgHitSpeed = Z'll\lﬂp' )

Figure 4. Average Hit Speed by Formula (4)

Figure 5. Average Hit Speed by Formula (5)





