MAXFORCE: Max-Violation Perceptron and Forced Decoding for Scalable MT Training
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BACKGROUND VIOLATION FIXING PERCEPTRON EXPERIMENTAL RESULTS
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with truly sparse features
3. Examples: early update (Collins+Roark *04) and max-violation (Huang+ ’12) Overview of all experiments. The ABLEU column shows the absolute im-
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| | | 1. Early update: update when no correct derivations survive > Feature performance breakdown > Feature Counts & Contributions
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| o | 2. Max-violation: update at the bin where the violation 1s maximum o5 type count % | Bleu
3. use parallelized minibatch to speed up learning 9 Jense T 17223
| o _ 3. Standard update ("bold" update in Liang et al *06): invalid update! 23 +ruleid 19264 +0.1% | +0.8
4. result: scaled to a large portion of the training data for the first time D o +WordEdges | +7,046,238 +99.5% | +2.0
4. Local update (also from Liang et al): update towards the derivation with 0 . +non-local +22.536  +0.3% | +0.7
e 20M+ sparse features => +2.0 BLEU over MERT/PRO highest sentence-level BLEU in the n-best list 20 ¥ /word-edges —x— - all 7,074,049 100% | 25.8
Force Decoding: compute gold-standard (reference-producing) derivations 9T e - .
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L nﬁommr Sentence length 1 9 010001. — JUMRE | talks system | algorithm | # feat. | dev | test system | algorithm | # feat. | dev | test
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election g 38:? X <s> Bush |held a few talks non-local rule+tw_sw_1 =79 | <> | Bush MERT ﬂ 32461 552 Cubit | MaxForce | 21M | 28.7 | 25.5
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