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# Train Samples 50 16000 7291 60000 66707
# Test Samples 500 4000 2007 10000 7400
# Classes 2 20 10 10 62

\ # Input dimensions 50 16 256 T84 64
Alternating Decision Forest (ADF) 18.711+£1.27 3524017 559+0.16 2.711+£0.10 16.67+0.21
Shallow Neural Decision Forest (sNDF) | 17.4+1.52 2.92+0.17 5.01+:0.24 2.8+0.12 16.04+0.20
Tree input features 10 (random) 8 (random) 10x10 patches 15x15 patches 10 (random)
Depth 5 10 10 10 12
Number of trees 50 70 100 80 200
Batch size 25 500 250 1000 1000
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