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Methods

2. Adapt the co-training algorithm
to our scenario and train two
classifiers in English and
Chinese, respectively.
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Methods

3. Apply these two classifiers to
implement implicit DRR for the
Chinese.
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Experiments

1. Instance numbers of data sets in our experiments

Table 2 Instance numbers of datasets in our experiments

Discourse

Number of labeled data

Unlabeled

relation  Train positive/

negative (EN)  Val positive /negative (CN)

[est positive/negative (CN) data (CN)

Comp 1942/
Cont 3342/
Expa 7004,/
[lemp TE0/

1942 15,944

3342 146/813
004 TT2/187
"TE0 26,933

24/1172
175/1021
772/187

41/1155

10691

CN: Chinese; EN: English

2. Data used in baselines and the co-training method

Table 3 Data used in baselines and the co-training method

Method Iraining set Val,/Test sot Unlabeled set
FEnglish F-to-C Chinese C-to-E Chinese C-to-E

SVM (EN) W v
SVM (CN) v v
SVM (ENCN1) v ; i v
SVM (ENCN2) v ; i v
rsvM (EN) v W v
FSVM (CN) W i v
rsSVM (ENCN1) W i v W v v
rsSvM (ENCN2) W i v W v v
Selftraining SVM (EN) v v v
Selftraining SVM (CIN) W v W
Co-training v W v W v v

E-to-C: Chinese translations of English instances; C-to-E: English translations of Chinese instances



Experiments

3. Performance (F,-score/accuracy) comparison on the test

set
Table 5 Performance (F-score/accuracy) comparison on the test set
Method ()
Temp Cont Comp Expa
SVM (EN) 7.46 (78.11) 19.51 (79.61) 10.45 (89.41) 68.26 (55.34)
SVM (CN) 7.12 (67.78) 19.38 (79.44) 6.14 (75.73) 66.84 (54.28)
)

SVM (ENCN1)

SVM (ENCNZ2)

TSVM (EN)

TSVM (CN)

TSVM (ENCN1)
TSVM (ENCNZ2)
Self-training SVM (EN)
Self-training SVM (CN)

Co-training

7.69 (70.34)
9.18 (75.55)
5.77 (91.35)
5.77 (91.35)
8.47 (90.47)
8.47 (90.47)
8.42 (84.64)
8.21 (84.20)
12.50 (93.82)

21.79 (82.26

20.48 (79.44)
23.17 (42.63)
20.99 (29.57)
21.29 (30.19)
21.29 (30.19)
21.79 (60.72)
22.00 (52.43)
22.86 (83.32)

10.81 (88.35)
10.53 (86.50)
10.13 (93.73)
4.17 (83.76)
9.64 (93.38)
9.64 (93.38)
10.45 (89.41)
9.62 (91.70)
14.00 (92.41)

69.67 (57.28)
63.41 (51.10)
81.20 (69.55)
82.40 (70.96)
82.37 (70.79)
82.37 (70.79)
83.87 (72.90)
87.24 (78.02)
88.61 (79.96)

The bold numbers are the best results in each relation



Experiments

4. lllustration of co-training and self-training on the test set
with different iteration numbers: (a) temporal; (b) contingency;
(c) comparison; (d) expansion
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Fig. 2 Ilustration of co-training and self-training on the test set with different iteration numbers: (a) temporal;
{(b) contingency; (c) comparison; (d) expansion



Conclusions

In this paper, we have proposed a co-training approach to
improve the accuracy of Chinese implicit DRR by exploiting
English labeled data and Chinese unlabeled data.

In our approach, each instance could be considered by two
views of different languages and therefore various syntactic
features in different languages could be exploited for Chinese
implicit DRR.

In the future, we plan to investigate the effectiveness of our
method for other languages and fine-grained subtype relations
in PDTB.
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