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REASONING SHORTCUTS

NeSy predictors such as DeepProbLog|1|, and
Logic Tensor Networks|2|, acquire concepts that
comply with the knowledge.

o BEARS: BE AWARE OF REASONING SHORTCUTS! o
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Effective mitigation strategies for RSs, like concept supervision, are often impractical. 1 An example from thion

If the model learns a RS what concepts can we trust? Solve the sum between two

digits, e.g., H+H = 5.
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DESIDERATA SOLUTION
~ 3 bears in real-world: BDD-01A [4]
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:i: W High label accuracy green red  pec green red  pec green red  ped DPL 0.8440.01 0.7540.17 0.7940.05 0.59 & 0.32
k _ 0.5 + (0.5 — ! +MCDO 0.83+0.01 0.72+0.19 0.76 +0.08 0.55 + 0.33
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+PCBM  0.6840.01 0.2640.01 0.26 =+ 0.02 0.11 = 0.02
Reasoning Shortcuts (RSs) like this © @ ° © @ © @ @ © +DE  0.7940.01 0.62+0.03 0.7140.10 0.37 = 0.12
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might affect any NeSy predictor!
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B bears combines Deep Ensembles + diversification (~ Bayesian NeSy) and provably optimizes for all

desiderata:
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