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Abstract Since the paraphrase extracted from the general domain tends to cause paraphrase match deviation in
the specific-domain automatic evaluation of machine translation, this paper proposes an approach exploited
specific-domain paraphrase related to the test set to enhance automatic evaluation of machine translation. First, the
K-means algorithm is utilized to cluster general-domain monolingual corpus, and the specific-domain training data
via improved M-L approach is obtained. Then, the specific-domain paraphrase table is extracted from the training
data by Markov network model. Finally, the extracted paraphrase table is applied to automatic MT evaluation
metrics to improve word match. The experimental results on the dataset of WMT’ 14 Metrics task and WMT' 15
Metrics task show that the METEOR metric and the TER metric using the specific-domain paraphrase table yield
better performance than that using the general-domain paraphrase table.
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Table 3 Correlation between automatic metrics METEOR and TER, which use specific-domain paraphrase or general
domain paraphrase, and human judgments on into-English translation evaluation of WMT’ 14 Metrics task

RieS Ttk de-en cs-en fr-en fi-en ru-en Average
TER 0.775 0.989 0.952 0.629 0.809 0.831
TER-Markov 0.775 0.989 0.952 0.629 0.809 0.831
. TER-SD-Markov 0.784 0.989 0.955 0.629 0.802 0.832
REHI
METEOR 0.885 0.952 0.971 0.515 0.789 0.822
METEOR-Markov 0.913 0.955 0.971 0.488 0.804 0.826
METEOR-SD-Makov 0.926 0.951 0.975 0.488 0.804 0.829
TER 0.270 0.218 0.384 0.326 0.270 0.294
TER-Markov 0.270 0.218 0.383 0.326 0.270 0.294
TER-SD-Makov 0.295 0.233 0.392 0.342 0.281 0.308
AT
METEOR 0.302 0.253 0.397 0.378 0.297 0.325
METEOR-Markov 0.325 0.272 0.399 0.400 0.313 0.342
METEOR-SD-Makov 0.333 0.285 0.406 0.417 0.330 0.354
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Table4 Correlation between automatic metrics METEOR and TER, which use specific-domain paraphrase or general
domain paraphrase, and human judgments on out-of-English translation evaluation of WMT’ 14 Metrics task

el Fk en-de en-cs en-fr en-hi en-ru Average
TER 0.322 0.979 0.955 0.828 0.934 0.803
TER-Markov 0.322 0.979 0.955 0.828 0.934 0.803
TER-SD-Makov 0.337 0.976 0.954 0.828 0.934 0.806

RGN
METEOR 0.240 0.979 0.939 0.924 0.932 0.803
METEOR-Markov 0.226 0.979 0.939 0.924 0.913 0.796
METEOR-SD- Makov 0.263 0.976 0.940 0.924 0.923 0.805
TER 0.210 0.292 0.261 0.183 0.392 0.268
TER-Markov 0.210 0.292 0.261 0.183 0.392 0.268
TER-SD-Makov 0.217 0.292 0.270 0.183 0.392 0.271

AT
METEOR 0.212 0.310 0.274 0.303 0.407 0.301
METEOR-Markov 0.222 0.310 0.275 0.303 0.422 0.306
METEOR-SD- Makov 0.238 0.318 0.277 0.303 0.427 0.313

E: * RIS RTE WMT 14
statmt.org/wmt14/pdf/W14-3336.pdf .

Metrics task ¥ fi S35 2 Al 35 5 B8 B9 245 SR AN TIRO A G P po 7 vk P 4 25—,

Z 0L http:/iwww.

x5 FRABEEHEERMEASES SR METEOR #1 TER £ WMT’15 Metrics task _t

ITMMEFBFXNERS ATIEMNHEXE

Table5 Correlation between automatic metrics METEOR and TER, which use specific-domain paraphrase or general
domain paraphrase, and human judgments on into-English translation evaluation of WMT’ 15 Metrics task

PR Fk de-en cs-en fr-en fi-en ru-en Average
TER 0.890 0.914 0.980 0.878 0.910 0.914
TER-Markov 0.888 0.926 0.977 0.885 0.912 0.918
, TER-SD- Makov 0.907 0.914 0.977 0.865 0.932 0.919
REH
METEOR 0.726 0.973 0.979 0.929 0.959 0.953
METEOR-Markov 0.950 0.974 0.978 0.929 0.965 0.959
METEOR-SD-Makov 0.959 0.974 0.979 0.939 0.963 0.963
TER 0.362 0.391 0.359 0.278 0.330 0.348
TER-Markov 0.358 0.394 0.357 0.297 0.333 0.348
TER-SD-Makov 0.375 0.391 0.352 0.315 0.340 0.355
AIFH
METEOR 0.389 0.406 0.375 0.385 0.358 0.378
METEOR-Markov 0.421 0.429 0.386 0.393 0.367 0.400
METEOR-SD-Makov 0.431 0.434 0.376 0.404 0.383 0.406

Markov %) £ A5 75 £ B (7%) 38 FH &2 34 3% 1547 (W) S 3]
T SLiA]PLTE; TER-SD-Markov 1 METEOR-SD-Markov
/R TER Fil METEOR i FH A= SC T 2 4 B i) R o 43
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~0.7%; FEA]F GO AR S b, AR Y (R 4R = iR
R 1.2%~2.9%, LiRE5RERN, Fee ising it
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Table 6 Correlation between automatic metrics METEOR and TER, which use specific-domain paraphrase or general
domain paraphrase, and human judgments on out-of-English translation evaluation of WMT’ 15 Metrics task

TR G ik en-de en-cs en-fr en-fi en-ru Average
TER 0.557 0.918 0.946 0.617 0.890 0.786
TER-Markov 0.557 0.916 0.946 0.616 0.890 0.785
TER-SD-Makov 0.584 0.909 0.944 0.617 0.890 0.789

R
METEOR 0.680 0.957 0.951 0.713 0.864 0.833
METEOR-Markov 0.705 0.954 0.949 0.712 0.845 0.833
METEOR-SD-Makov 0.735 0.938 0.955 0.714 0.851 0.839
TER 0.289 0.358 0.326 0.215 0.357 0.309
TER-Markov 0.289 0.358 0.326 0.216 0.357 0.309
TER-SD- Makov 0.301 0.354 0.330 0.215 0.357 0.311

AT
METEOR 0.319 0.389 0.335 0.251 0.373 0.333
METEOR-Markov 0.332 0.389 0.339 0.251 0.381 0.338
METEOR-SD-Makov 0.342 0.385 0.341 0.251 0.381 0.340
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Table 7 Precision, recall, and F1-measure for the paraphrase

matching of the top 300 translations of the Illiois.
4083 translation system

Ik HER 2% AR /% F1
METEOR-Markov 55 65 0.63
METEOR-SD-Makov 63 82 0.80
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