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Abstract: Minimum error rate training (MERT) is a standard tuning parameter procedure in statistical machine
translation. However, the greedy nature of its search process makes it unstable and apt to terminate at local optimum. In
this paper we propose a novel strategy, voted average, to enhance the original MERT. By weightedly averaging the
intermediate results of MERT according to their performance on another validate set; we obtain more stable and precise
parameters. Experiments show that such a simple strategy is effective and efficient, obvious improvements are achieved in
newswire domain and travel dialogue domain in Chinese-to-English translation tasks, with a little additional efforts.
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Average Algorithm), HT-IHHRAG ML TP RE SR . B0 A ISR, TSl
WA L], SRS FFHEAT I35 ] SKEBCRES 73 IR SGIEREL 191, sl A9 5n 8 H A2 )
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Algorithm 1 Applying the VAA to Validate Set.

1: Define: m is the number of features, MERT procedure it-
erates n times, x;; stores the jth dimension of the weight
vector at the ith iteration.

: Input:{,;}. the validate set.

3: blen — 0

. weight — 0

5: fori+— 1. ndo

translate validate set using (x;.)
bleu; = bleu score

. normalize(bleu)

cforj—1..mdo

fori— 1. ndo

weightj+ = mx;; x bleu;
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: Output: weight
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H T RAERCR,  FRATHEPR AN RIS o SIS BIRAESS ERHT T 5286 402 NIST
BT TR AU A IWSLT IEATIR I .
41 REEE

TEASCH,  F-AME ] Bruin Z245(Xiong et al.,2006)1F A 248 Bruin &5 T BTG (%
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AT LA A S MBGE N it p 2 S PR AE A R I SV RRAE, SRR S oA
T, FAHLR TN TR A N R e R 28 . H e IRRFIEAT Pharaoh(Koehn,2004) 4L

FTHISER A, Best Fofk it MERT 17k, Wt e e sk Res i i —
FRNHIZEAE SR . VAA FoRBE L. Ah, BA MR R NS #UER) BLEU 437>
KA BT
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MRS, BeAh, FRATRHE Gigaword TEERHTHEE I IHT 13 YIZRPUTTIITE AL,
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Y] MERT J57%, VAA TEIlASE MT05 5 1.2 A fdts, 7E MT08 A 1.7 At sr.
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16 IWSLT 145 b, FAWEH T IAAFRRNRIIIZEER . NRTEEHE BTEC, K2J40K f1)
XF; KR 600 K At 2 alfl FHIZE RSl g 3 JuiiE S, SRE A
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KL EZA 0.6 AN SR

MT-05 | MT-08 corpus | BTEC | 600k
Best | 0.2232 | 0.1484 Best | 0.3147 | 0.3204
144 | 0.2357 | 0.1658 44 | 0.3246 | 0.3269
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1 2 3 4 5 6 7 8 ¢ 10

top N iterations
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