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Abstract

Neural networks achieve state-of-the-art perfor-
mances in several tasks, but their applicability in
safety-critical domains has been slowed down by
the lack of human-understandable motivations for
their decisions. To provide high-performance neu-
ral models whose predictions could be used in deci-
sion support, we introduced Logic Explained Net-
works (LEN). LENs allow the extraction of First-
Order Logic explanations, while still achieving re-
sults close to black-box competitors. The frame-
work allows both the definition of interpretable-by-
design models and the explanation of existing clas-
sifiers. We experimentally evaluated LENs on sev-
eral tasks, from clinical data to computer vision.
A Python module has been released implementing
some state-of-the-art LENs.

1 Research Team
The University of Siena is a CINI unit in the Laboratory
of Artificial Intelligence and Intelligent Systems (AIIS).
In particular, the Siena Artificial Intelligence Laboratory
(SAILAB)1 consists in a considerable group of professors,
researchers and PhD students working on different fields
related to machine learning and its applications, such as com-
puter vision, natural language processing, neural-symbolic
approaches, and so forth. One of the main topics, subject of
many investigations over time, is the integration of learning
and reasoning techniques in order to either inject prior knowl-
edge into a neural model or to learn relational knowledge
directly from data. The study of neural-symbolic approaches
combining both neural architectures and probabilistic logic
reasoning is a fundamental problem in AI, and there has
been several joint work over the years between SAILAB
members and external partners, such as other universities or
companies. In the following, we summarize the most relevant
people in SAILAB and from other academic institutions
that are currently involved in the study of neural-symbolic
approaches.

1https://sailab.diism.unisi.it/

University of Siena
Marco Gori: Full Professor of Computer Engineering at the
University of Siena and 3IA chair at Université Côte d’Azur.
Marco Maggini: Full Professor in Computer Engineering at
the University of Siena.
Stefano Melacci: Associate Professor of Computer Engi-
neering at the University of Siena.
Michelangelo Diligenti: Assistant Professor in Computer
Engineering at the University of Siena and Google Inc.
collaborator.
Francesco Giannini: Post-Doc Researcher at the Consorzio
Interuniversitario Nazionale per l’Informatica (CINI).

Other Academic Institutions
Pietro Liò: Full Professor at the University of Cambridge.
Giuseppe Marra: Post-Doc Researcher at KU Leuven.
Gabriele Ciravegna: Post-Doc Researcher at Université
Côte d’Azur.
Pietro Barbiero: PhD Student at the University of Cam-
bridge.

2 Research Interests

Neural-symbolic models aim at combining the benefits of
both sub-symbolic approaches, like deep neural networks,
and symbolic approaches, like probabilistic logic reasoners,
in a unified framework [De Raedt et al., 2020; Diligenti et al.,
2021]. Neural architectures are very good at learning com-
plex representations of data allowing to make accurate pre-
dictions, but in general struggle in capturing relational knowl-
edge about a certain task and are mostly considered as black-
boxes. On the other hand, symbolic approaches provide more
human-understandability and can easily express and exploit
relational knowledge, e.g. by performing probabilistic logic
reasoning. However, in general these approaches can be diffi-
cultly applied to real-world datasets, involving large amounts
of numerical data. In this regards, SAILAB researchers
have been focusing on the definition of neural-symbolic mod-
els that might be used both to inject relational knowledge
into high-performance neural models [Marra et al., 2019;
Marra et al., 2020; Marra et al., 2021] and to improve the
understanding of the decision process implemented by black-
boxes [Ciravegna et al., 2020a; Ciravegna et al., 2020b].

https://sailab.diism.unisi.it/


Logic Explained Networks. The research activities on
Logic Explained Networks (LEN) [Ciravegna et al., 2021],
concerning Explainable Artificial Intelligence (XAI) tech-
niques to logically explain neural networks, are very rele-
vant for the topics of the Ital-IA workshop AI Responsabile
ed Affidabile. For instance, the adoption of interpretable-by-
design neural models, achieving competing results with re-
spect to state-of-the-art black-boxes, would increase the trust-
worthiness in the AI model, while still preserving high perfor-
mances in solving a certain task [Barbiero et al., 2021].

Most techniques explaining black boxes focus on finding
or ranking the most relevant features used by the model to
make predictions [Simonyan et al., 2013; Ribeiro et al., 2016;
Selvaraju et al., 2017]. Such feature-scoring methods are
very efficient and widely used, but they cannot explain how
neural networks compose such features to make predictions
[Kindermans et al., 2019; Kim et al., 2018]. By providing
human-readable logic explanations of (deep) neural networks
as a set of First-Order Logic (FOL) formulas, LENs are also
suitable in case of decision making tasks. Indeed, by means
of FOL expressions that humans can easily understand, high-
level relational knowledge about a set of categories can be
naturally expressed.

2.1 Experimental Evaluation and Software
The introduced models have been experimentally evaluated
on several tasks and different datasets with promising, and
often state-of-the-art, results. Furthermore, the continual col-
laboration with some companies like Expert.ai and QuestIT
allowed the experimental evaluation of the models also on
real-world datasets.

Neural-symbolic models like Relational Reasoning Net-
works [Marra et al., 2021] have been recently applied to
knowledge graph embedding benchmarks, like the Countries
dataset [Bouchard et al., 2015] and the Nations, Kinship and
UMLS datasets [Kok e Domingos, 2007].

Logic Explained Networks have been applied to classifi-
cation problems ranging from computer vision to medicine,
such as (MIMIC-II) [Saeed et al., 2011], (V-Dem) [Coppedge
et al., 2021] and (CUB) [Wah et al., 2011], with the aim
of solving the classification task, while also providing FOL
explanations of the underlying decision process. A visual
sketch of some classification problems and a selection of
the logic formulas found by the proposed approach is re-
ported in Fig. 1. In [Barbiero et al., 2021] six quantitative
metrics are defined and used to compare the proposed ap-
proach with other state-of-the-art methods. In addition, in
order to make LENs accessible to the whole community, we
released the library PyTorch, Explain! as a Python pack-
age on PyPI: https://pypi.org/project/torch-explain/ with an
extensive documentation that is available on read at https:
//pytorch-explain.readthedocs.io/en/latest/.

2.2 Projects
The described research activities have been further motivated
and developed thanks to the participation of SAILAB
members in different current and previous research projects
regarding the integration of learning and reasoning systems
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Figure 1: The four case studies show how the proposed Entropy-
based networks (green) provide concise logic explanations (yellow)
of their own decision process in different real-world contexts. When
input features are non-interpretable, as pixel intensities, a “concept
decoder” (ResNet10) maps images into concepts. Entropy-based
networks then map concepts into target classes.

and trustworthy AI.

TAILOR: Foundations of Trustworthy AI - Integrating
Reasoning, Learning and Optimization. TAILOR is an
EU-funded ICT-48 Network (GA 952215) with the purpose
of building the capacity of providing the scientific founda-
tions for Trustworthy AI in Europe by developing a net-
work of research excellence centres leveraging and combin-
ing learning, optimization and reasoning. The University of
Siena is involved as a member of the CINI partner, and leader
of the Task 4.3 on “Learning and Reasoning with Embed-
dings, Knowledge Graphs & Ontologies”.
HumanE-AI-Net: HumanE AI Network. HumanE-AI-
Net is an EU-funded ICT-48 Network (GA 761758) with the
purpose of facilitating a European brand of trustworthy, eth-
ical AI that enhances Human capabilities and empowers citi-
zens and society to effectively deal with the challenges of an
interconnected globalized world. The University of Siena is
involved as a third part of the partner University of Pisa.
AI4EU: A European AI On Demand Platform and
Ecosystem. AI4EU is an EU-funded ICT-26 Network (GA
825619) with the purpose of building a comprehensive Eu-
ropean AI-on-demand platform to facilitate the exchange of

https://pypi.org/project/torch-explain/
https://pytorch-explain.readthedocs.io/en/latest/
https://pytorch-explain.readthedocs.io/en/latest/


showcasing services, expertise, algorithms, software frame-
works, development tools, modules, data, and so forth, for the
European AI community. The University of Siena has been
partner of this project, by participating especially in Task 7.4
at the development of AI assets for integrative learning.

3 Conclusions and Future Work
The adoption of neural-symbolic models can improve the
human-understandability of the decision process underlying
the predictions of neural architectures, while also providing a
natural platform to integrate learning from raw data and sym-
bolic reasoning. Nowadays, an important limitation of this
kind of approaches is that their applicability on large rela-
tional domains can still be impractical when working on a
fully grounded knowledge base. For this reason, one of the
main challenges that we are currently working on is the def-
inition of techniques for the automatic selection of a subset
of relevant ground atoms to be considered within the learning
process.

Logic Explained Networks allow the use of a neural model
either to provide explanations for a black-box or to solve a
classification problem in an interpretable manner. The expla-
nations provided by LENs in general consists of FOL rules
relating a set of final categories with respect to a set of in-
termediate human-understandable concepts, like in concept-
bottleneck models [Yeh et al., 2019; Koh et al., 2020]. The
choice of which and how to represent these concepts may
drastically affect the quality of the extracted rules and the
learning capabilities of the model. In some contexts, such
as computer vision, the use of concept-based approaches
may require additional annotations to get a consistent sym-
bolic layer of concepts. Recent works on automatic con-
cept extraction may alleviate the related costs, leading to
more effective concept annotations [Ghorbani et al., 2019;
Kazhdan et al., 2020]. In particular, we are working on devel-
oping techniques for automatic concept extraction from hid-
den layer nodes, e.g. by defining explainability methods to
extract new knowledge from embedded representations.

From the experimental point of view, we are currently ap-
plying LENs to different domains, like NLP and graph data
structures, with different neural models, like Recurrent Neu-
ral Networks and Graph Neural Networks.

To conclude, in our vision this framework would express
its full potential by interacting with the external world and
especially with humans in a dynamic way. In this case, logic
formulas might be rewritten as sentences to allow for a more
natural interaction with end users. Moreover, a dynamic in-
teraction may call for an extended expressivity leading to
higher-order or temporal logic explanations.
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