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Dep Zero
Method ALL SD ALL 77 7 = ALL 77 7 =
Ouchi+ 17 [9] 81.42 88.17 88.75 93.68 64.38 || 47.12 50.65 32.35 7.52
M&I 17 [6] 83.50 £0.17 || 89.89 91.19 95.18 61.90 || 51.79 54.69 41.8 17
M&I 18 [7] 83.94 £0.12 || 90.26 90.88 94.99 67.57 || 55.55 57.99 48.9 23
Single 83.62 £0.17 || 90.09 90.45 94.84 69.77 | 51.87 54.73 43.48 11.40
Multi-RNN 83.91 £0.23 || 90.17 90.58 95.07 67.94 || 53.31 55.85 45.71 9.97
Multi-ALL 83.82 £0.10 || 90.15 90.68 95.06 67.56 | 53.50 56.37 45.36 8.70
Multi-ALL+DEP 84.75 +0.16 || 90.88 91.40 95.37 71.02 || 52.35 55.10 42,54 2.32
M&I 17 (ens. of 5) 84.07 90.24 9159 95.29  62.61 53.66  56.47  44.7 16
M&I 18 (ens. of 10) 85.34 91.26  91.84  95.57 70.8 58.07 60.21 52.5 26
Multi-ALL+DEP (ens. of 5) || 86.01 91.63 92.15 95.80 72.95 | 54.99 57.84 45.20 0

# 2: FHM T — X2 B 1) 2R FEIEMGE T O F1 237,

Single &> VIV A A7 €5 )%, Multi-ALL &~ I)VF
RAZETIVE, Multi-RNN i& RNN EDO A% ¥ )LF RNN BIZIEEL 72 ET V&2 RT.

Dep Zero Bunsetsu
Method ALL SD ALL v 7 = ALL Ve 7 = ALL e 7 =
Taira+ 08 [12] on NTC 1.4 68.01 6246 56.05 36.19  20.46 6.62 7893 7796 58.13
Single 66.21 +0.15 || 74.64 76.06 74.54 51.28 46.05 49.67 33.36  13.63 7824  76.67 81.75  48.55
Multi-ALL 68.00 £0.41 || 75.90 77.16 76.05 53.00 || 49.66 53.37 37.64 14.46 79.05 7732 82.61 51.83
Multi-ALL~+DEP 67.68 +0.39 || 75.95 77.18 76.11 55.26 | 47.57 51.21 35.14 15.65 || 79.06 77.44 82.66 51.10
Multi-ALL (ens. of 5) 71.14 78.63 79.66 78.83 5829 | 52.49 56.41 39.02 16.42 || 81.90 80.25 85.21 56.29
Multi-ALL+4DEP (ens. of 5) || 69.90 77.86 78.89 78.16 58.46 || 49.36 53.10 36.36 17.23 | 81.16 79.74 84.57  52.99
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