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Method Evaluation

NCM history | re-ranking re-ranked (%) BLEU | NIST | extrema | dist-1 | dist-2 | PMI | length
reference | - - - - - - 0.06 0.40 1.86 21.43
EncDec - 1-best - 1.12 1.19 0.42 0.06 0.18 1.77 15.55
EncDec 1 Re-ranking 4,016 (7.90) 1.10 1.18 0.42 0.06 0.19 1.78 15.52
EncDec 1 Re-ranking (emb) 29,343 (57.71) 1.02 1.07 0.40 0.06 0.20 1.77 15.64
EncDec 5 Re-ranking 6,469 (12.72) 1.09 1.17 0.42 0.06 0.19 1.78 15.50
EncDec 5 Re-ranking (emb) 35,284 (69.39) 1.00 1.04 0.39 0.07 0.21 1.77 15.66
HRED - 1-best - 1.34 2.74 0.42 0.07 0.20 1.84 35.05
HRED 1 Re-ranking 3,671 (7.22) 1.33 2.74 0.42 0.06 0.20 1.84 35.20
HRED 1 Re-ranking (emb) 30,992 (60.95) 1.28 2.74 0.41 0.06 0.20 | 1.86 34.80
HRED 5 Re-ranking 6,231 (12.25) 1.33 2.73 0.42 0.06 0.20 1.84 35.30
HRED 5 Re-ranking (emb) 36,373(71.53) 1.28 2.74 0.41 0.06 0.20 | 1.86 34.60
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07 0000O00D0O0OD0O0OO (Re-ranking)

Re-ranking Good | Bad Sum
/ Causality (pairs)

Good 14 12 26
Bad 14 10 24
Both Good 12 7 19
Both Bad 11 20 31
Sum 51 49 100
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Re-ranking Good | Bad Bad Sum
/ Causality (pairs) | (over-generalization)

Good 2 0 6 8
Bad 2 2 5 9
Both Good 0 0 14 14
Both Bad 0 4 65 69
Sum 4 6 90 100
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