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Minimum Risk Training for Neural
Machine Translation [Shen+'16]
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BLEU score
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— Ref: I don’t know how to explain - it’s really unique
— S1 : I do not know how to explain jt — it is really unique. s-BLEU:39.1
— S2 : I don't know how to explain - it is really unique. s-BLEU:7/8.3
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— Ref: All that stuff does take a toll

— S1 : None of this takes a toll. s-BLEU:26.0
— S2 : All of this is certain to take its toll. s-BLEU:18.9
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FBUERE:: SIM [wieting&Gimpel08]
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SIMILE = SIM + LP(Length Penalty)

SIMILE = LP(r, h)*SIM(r, h)
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— corpus-level BLEU

Lang. Train Valid | Test
cs—en | 218,384 | 6,004 | 2,983
de—-en | 284,286 | 7,147 | 2,998
ru-en | 235,159 | 7,231 | 3,000
tr—en | 207,678 | 7,008 | 3,000

— SIM (SIMILECHWNWC EISEFESEKRNEBD—BESWICER)
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— MLE. Maximum likelihood with label smoothing
— BLEU: Minimum risk training with 1 — BLEU

— SIMILE: Minimum risk training with 1 — SIMILE
— Half: Minimum risk training with 1 —%(BLEU + SIMILE)
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de—en cs—en ru—en tr—en
Model BLEU SIM BLEU SIM BLEU SIM BLEU SIM
MLE 2752 74.96 17.02 67.18 17.92 70.24 1447 63.52
BLEU | 27.95% | 86.93% 17.29* 81.92* 17.92 84.63% 15.00* 80.30*
SIMILE | 28.287F | 87.32% | 17.517F | 82.127F | 18.23TF | 85.12TF | (528" | 81.04'*
Half 28.24% | g7.11%% | 17507 | 82.117TF | 18.24™F | 85.10™F | 15.34™F | 80.64'*
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Avg. Score
Lang. MLE | BLEU | SIMILE
cs—en | 098 | 0.90 1.027
de—-en | 0.93 | 0.85 1.00
ru-en | 1.22 1.21 1.317¢
tr-en | 0.98" 1.03* 0.78




Quantative Analysis (de-en)
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Cost Distribution of SimiLe and BLEU
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Validation Loss

Validation Loss Comparion Using SimiLe or BLEU Cost
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ABLEU (= BLEUBLEU - BLEUSIM) k
ASIM (= SIMg, gy — SIMg ) DNV I

Reference
BLEU system
SIM system

Workers are beginning to clean up workers . > @
Workers have begun to clean up in Rszke. :

In Rszke, workers are beginning to clean up.

ABLEU 3.2
ASIM -26.3
Reference All that stuff sure does take a toll.

BLEU system
SIM system

None of this takes a toll .
All of this is certain to take its toll .

ABLEU 7.1
ASIM -22.7
Reference Another advantage is that they have fewer enemies.

BLEU system
SIM system

Another benefit: they have less enemies.
Another advantage: they have fewer enemies.

ABLEU -33.8
ASIM -9.6
Reference [ don’t know how to explain - it’s really unique.

BLEU system
SIM system
ABLEU
ASIM

[ do not know how to explain it - it is really unique.

[ don’t know how to explain - it is really unique.

-39.1
-2.1
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Summary
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