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Overview

Markov Logic Networks [1] Implicit Maximum Likelihood High-dimensional Noisy Data
Estimation (IMLE) [2] - ~
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(from CLUTRR [3])
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General

By using what is already there we can build a simple end-to-end trainable NeSy model.

O
N
RO

X

dL/dw

Model Gradients
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MLN: p(z;w) = 7 AP {Zwizf} Perceptron  J[.

I Rule: % = MAPwW) - z
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neural w = f(x;09) z~p(z, W) IMLE [2]: 7o = 7 |[MAPWV +e) - MAP[w A +€]
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*Using no Gumbel noise leads to [4]

Data Result/Conclusion

- Text datasets governed by rules - Outperform neural baselines

- Schema Dataset based on Description Logics - Noise perturbations are necessary for training
- CLUTRR dataset [3] - Atoms/Structure needs to be predefined

- MLN MAP state used as final predictions
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