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Motivation
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• Learning rules from raw sequence to 
explain the ground-truth class 
• To explain the ground truth class with 

patterns
• The patterns are related to some actions
• This action can also be used to explain 

data
• The same idea can be applied to 

healthcare, finance, energy, etc.



Challenges

• Label leakage: Most neuro-symbolic methods use labels of 
components to implement inductive/deductive logic programming 
• 𝛼ILP (Shindo et al., Machine Learning, 2023)
• 𝜕ILP (Evans and Grefenstette, JAIR, 2018)
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Related works

• SAT domain
• SATNet (Topan et al.): Learning missing images of handwritten digits with 

neural networks. 

• Logic programing domain
• DeepProbLog (Manhaeve et al.): Training perception and the probabilities 

of target atom at the same time.
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Language bias

• A variable 𝑋!  can be grounded with a feature
• Consider binary class, using ℎ"  represent the positive class
• A ground-truth class sequence data can be described with its features:

• The pattern predicate can express any discriminative shapes
• region predicates attached to pattern predicates can express

• The temporal relations of two patterns is important
• The specific time information of patterns is important 

• One region corresponds to one pattern, and one pattern may occur in 
multiple regions
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Methods: Clustering method and neural 
network 
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Clustering methods

• Differentiable clustering1:
• 𝐾, number of clusters
• 𝛾, parameters in the autoencoder
• 𝑓, distance function 

• Differentiable weight function: Softmax function 
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Autoencoder clusters weightsencoder

• The sum of all weights is 1
• The smaller the distance, the 

larger the weight

1 Maziar Moradi Fard, Thibaut Thonet, and Eric Gaussier. Deep k-means: Jointly clustering with k-means and learning representations. Pattern Recognit. Lett., 138:185–192, 2020.



Rule learning module1

• The forward computation:

• Interpretable matrix	𝐌!
• The product of each softmax-valued layer  

81 Kun Gao, Katsumi Inoue, Yongzhi Cao, and Hanpin Wang. A differentiable first-order rule learner for inductive logic programming. Artif. Intell., 331:104108, 2024.



Experiments: retrieve the pre-defined rules

• Each class has two patterns: increasing and decreasing
• Each pattern has a length of 5
• The learned rules and the corrected patterns can be presented as 

follows1 
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Experiments: learning from UCR archive
• We choose ECG and ItalyPow.Dem. from UCR binary variable time 

series data 
• For ECG, a decrease (15 to 25) and then increase (30 to 40) is key 

information for positive class
• For ItalyPow.Dem., lower values around 18 to 19 is key information 

for positive class
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Experiments: learning from UCR archive
• Compare the classification accuracy of extracted rules 

(NeurRL(R)) from the model and neural networks (NeurRL(N)) with 
baselines
• The discrete rules decrease the performance of the model 

11



Experiments: Learning from images
• Transfer the image to sequence data
• Set the images with the number 1 as the 

positive class and the images with the 
number 0 as the negative class. 
• Each highlighted sequence and its period 

(location) can distinguish the images with 
the number 1 from the images with the 
number 0.
• The precision = 1 and the recall = 1 for the 

learned rule presented on the side. 
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Experiments: learning from UCR archive
• Compare the accuracy and running time with non-differentiable k-

means 
• Differentiable k-means can incorporate the differentiable rule 

learning method to have a better performance based on the non-
differentiable k-means with differentiable rule learning method
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Ablation study: Comparing accuracy with and 
without pre-training

• With pre-training: Pre-train autoencoder and clustering method (k-
means)
• Without pre-training: Train autoencoder, differentiable clustering 

method, and rule-learning module together
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Table 3: Ablation study: With vs. without pre-training autoencoder and 
clustering model. The first accuracy is obtained by NeurRL(N) and the 
second accuracy is obtained by NeurRL(R). 



Ablation study: Sensitivity of model
• The key hyperparameters

• Number of clusters
• Length of regions
• Length of subsequences
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Conclusion
Conclusion
• Learning from raw input without pre-defined object labels (avoid 

explicit supervised labels)
• Fully differentiable rule learning process
• Interpretability: Explain the data and model
Limitations
• Learning from time series data with missing values
• Learning from sequences of raw images
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Thank you for your attention!
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