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Abstract

There is growing interest in extracting rules from machine learning models to improve the
interpretability of their predictions, yet many existing methods lack formal guarantees
regarding the precise relationship between the extracted rules and the original model’s
behavior. We investigate rule extraction for Drum, a rule learning model for knowledge
graph completion. After identifying that its original rule extraction approach may
yield unsound or incomplete rules, we propose a novel algorithm that ensures both
soundness and completeness of extracted rules. To improve practicality, we also
introduce dataset-specific rule extraction algorithms and simplified model variants that
support faithful rule extraction with a trade-off on expressive power.

1 Introduction

Machine learning models have achieved notable success on a wide range of tasks over knowledge graphs
(KGs). However, the lack of interpretability has become a limitation for their application in safety-critical
or legally regulated domains. To address this, prior works have explored rule extraction techniques that
aim to explain model predictions using symbolic rules. Nonetheless, most of these methods lack formal
guarantees for the extracted rules to the model’s behavior.

Recent works have proposed notions of soundness and completeness for rules extracted for models [Tena
Cucala et al., 2022]. A set of rules is sound if all facts derived by them are also predicted by the model.
Conversely, it is complete if all facts predicted by the model can also be derived by the rules. A set of
rules that is both sound and complete is termed faithful to the model. Our work [Wang et al., 2024]
focuses on DrumM [Sadeghian et al., 2019], an approach with superior performance in KG completion.
First, we analyze the DrRum model and reveal that its original rule extraction approach may suffer from
unsoundness and/or incompleteness. To address this, we propose a new algorithm for extracting faithful
rules expressed in an extension of Datalog that incorporates inequalities and disjunctions in the rule body.
To improve practical efficiency of rule extraction, we also introduce additional strategies for reducing
computational complexity, including dataset-specific rule extraction and simplified model variants.

2 Faithful Rule Extraction for Drum

The DruM model is designed to learn chain-like Datalog rules that represent paths in a knowledge
graph, which can be expressed in the form: H(z,y) < Bi(x,21) A Ba(z1,22) A -+ A Be(z0—1,9).
Our analysis begins by characterizing the behavior of a DRum model. We demonstrate that the model’s
decision to predict a fact can be understood as counting the distinct matches of chain-like conjunctions of
atoms within the input KG, where variables are mapped to specific constants. Based on that, we show
that rules extracted by the original approach from DrumM may be unsound or incomplete. Specifically,
while soundness could be ensured by choosing appropriate thresholds, completeness is fundamentally
unattainable with standard Datalog.

To bridge this expressivity gap and enable faithful rule extraction, we characterize the model’s behavior
using an extension of Datalog with inequality atoms and disjunctions in the rule body, which supports
explicit counting semantics by enforcing different variables mapped to distinct constants. We introduce
‘multipath conjunction’ as the basic building block in our extended rule bodies. A multipath conjunction
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consists of multiple copies of a chain-like conjunction of binary atoms, with variables renamed and
inequalities added to ensure distinct matches. Subsequently, we propose an algorithm that describes
the procedure for extracting a faithful set of rules from a Drum model. However, despite its theoretical
contribution, the computational complexity of the algorithm makes it challenging to use in practice.

3 Practical Rule Extraction

To address the challenge of scalability, we propose two practical strategies to facilitate faithful rule
extraction for real-world applications.

Dataset-Specific Rule Extraction. In contrast to the above algorithm being dataset-independent, we
propose an alternative algorithm that focuses on a fixed dataset. Specifically, it extracts a small subset
of sound rules that exactly replicate the predictions made by a DRum model on the given dataset. This
approach is particularly useful in scenarios where the underlying KG does not change frequently, offering
a trade-off between generality and efficiency in realistic settings.

Model Simplification. We introduce two simplified variants of the DRum model with reduced expressivity.
smDruM removes the model’s counting ability by altering the aggregation mechanism of the model from
standard matrix product to max-product. Beyond that, MmmDrum further simplifies the model by replacing
sum aggregations for paths with max operations, which enable efficient faithful rule extraction under
standard Datalog semantics. These simplifications allow for faithful rule extraction within practical time
constraints, albeit with some trade-off for expressive power.

4 Evaluation and Future Works

We compared the performance of DrRumM, sMDruM, and MMDRrumM on multiple inductive KG completion
benchmarks, including FB15k-237, NELL-995, WN18RR, and Family. Our results show that:

* Drum generally outperforms its simplified variants; however, MMDruUM and smMDRrum still
achieve competitive performance on certain datasets, indicating their practical usability.

* The algorithms for dataset-specific rule extraction from Drum and faithful rule extraction from
MMDRuUM both finished within a few minutes across all KGs. This empirically validates the
feasibility of our proposed methods for real-world applications.

* The original rule extraction approach for Drum covered less than 7% of the model’s predictions,
underscoring their insufficiency for explaining model behavior and highlighting the necessity of
faithful rule extraction.

Our future work will explore several promising directions.

* First, we plan to generalize rule learning and faithful rule extraction to handle higher-arity
predicates, thereby broadening the applicability of faithful rule extraction to diverse data
structures like tabular data and knowledge hypergraphs.

* Second, we aim to extend our faithfulness analysis to other rule learning approaches, such as
OILP.

» Third, we are interested in analyzing the extracted rules, such as their actual support rates
within the input KG, as these insights reflect the model’s behaviors and can inform subsequent
improvements to the model.

» Furthermore, we intend to expand the applications of rule learning and faithful rule extraction
beyond KG completion to more diverse tasks, such as entity resolution, and for downstream
scenarios that require rules as input.
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