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Deep Hinge-Loss Markov Random Fields

Deep Hinge-Loss Markov Random Fields (Deep-HLMRFs)[1] are tractable probabilistic graphical models that integrate low-level neural perception with symbolic reasoning.
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Empirical Evaluati
MNIST Addition [2] Independent Baseline and Noise Model Leamning Method ~ Noise (%) Accuracy Runtime (sec)
Energy 10 77.1 £2.5 120.3 £ 0.7
, [1 0% . 25% 50%] Energy 25 75.3+4.6 120.3 £ 0.5
- a — 1 @ Noise Level Energy 50 70442  121.2+0.7
. | Y NeuPSL Structured Perceptron 10 71.2+3.9 266.5+£2.0
Structured Perceptron 25 72.0+4.6 281.3+24
+ = 6 Structured Perceptron 50 75.1+38  2899+25
- 10 81.8£2.5 -
Independent
_ [0,...,9] . ; 25 59.0 2.7 -
E T = 12 E Baseline : 50 30.1£25 :

Baseline Label

MNIST Image

Energy loss learning can achieve higher accuracy in roughly half the
runtime of structured perceptron.

Conclusion

Energy and structured perceptron learning losses were presented for Deep-HLMRFs. Degenerate solutions of the losses were identified and we proposed
constraints, regularizations, and a tractable optimization technique to overcome them. The performance of learning losses was tested on a canonical NeSY
dataset and we found, surprisingly, training with the simpler energy loss can achieve higher accuracy in roughly half the runtime of structured perceptron.
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