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Neural-Netvork-Basal Reasonng
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Typicel 2-layer architecture :
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Supervised learmmg

Adjust weightt to WiRwmize s&awd ewvor

over the (Labeled) otpicts of- The trmining conpus.
Make use of the partial denvotives of-the

above totol ervor mrt. each weigid. Can
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& twrws out, the deeper (more Layers) the better:
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Cocker et al. — M"""S with Tentor networls
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(Pablo Picaceo, nationality, Spain)
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Rug et al., Towants NN-baiek veasowmp®

1. The offite is east of-the hallway

2. The kitcken is north of the office K B
3. The ganden 1s west of the beslvoom.
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Gucllawe-Gest ek L., First-ontar Logic. Learning™*

(A From examples and WoR- exouaples of-
PO G QUD) D ROGED Croericiy, o)
(Whem pos¥ example have X¢{a,b,¢,..}) learn Hhis nde.
(8 Wiute kueg & white vook ve black king o chess bnw(;
IS mny piccs wnder attack 7 Clo:iuﬁy ooded )

C) 10 tvy traing With up 1o & sars, cack exrryoy upte

¢ 3 ol?jwb. 5 ave goiug eadt f5are goimq west,
Learn frow A trains at atine ), test oc‘n.ﬂc O™ R succen
Conventional NN werts & ardiumetic wats ave wied .

* https://arxiv.org/pdf/1508.05508.pdf
** https://openaccess.city.ac.uk/id/eprint/297/2/First-order_Logic_Learning_in_Artificial_Neural_Networks.pdf



