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Abstract. A key benefit of symbolic (rule-based) artificial intelligence (AI) is its 
formal rigor, which comes at the cost of formal modeling effort and computational 
expensive reasoning. Differently, subsymbolic (datadriven) AI approaches usu-
ally outperform rigorous ones in performance but might lead to unsound results. 
Intersymbolic AI is an emerging field in AI that aims to combine symbolic and 
subsymbolic AI approaches, exploiting the benefits from both worlds. The scope 
of the ISoLA 2025 track on “Formal Methods for Intersymbolic AI” is to gather 
researchers and practitioners from formal methods and (sub)symbolic AI to estab-
lish the boundaries of intersymbolic AI and to investigate and clarify the role of 
formal methods therein. 
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Motivation 

In his keynote contribution during last year’s ISoLA [4], Platzer [9] called for the study 
of the field that was coined intersymbolic artificial intelligence (AI). This field targets the 
combination of symbolic AI, whose building blocks have inherent significance/meaning, 
with subsymbolic AI, whose entirety creates significance/effect despite the fact that indi-
vidual building blocks escape meaning. Symbolic AI, as implemented in rule-based sys-
tems, provides formal rigor, but this comes at the cost of increased modeling effort and 
computationally expensive reasoning. Differently, subsymbolic AI approaches, which 
typically use data-driven methods from statistical learning, are not as computationally 
expensive as the rigorous ones but might lead to unsound results. The idea is that inter-
symbolic AI combines benefits from both symbolic and subsymbolic AI to increase 
the overall effectiveness, rigor, and explainability of AI compared to either kind of 
(sub)symbolic AI alone. 

Instances of such combinations have already been established in the literature and 
showcase the broad applicability of the intersymbolic AI concept. The probably most
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established instance of intersymbolic AI is in neurosymbolic AI, which focuses on the 
combination of symbolic and neural network reasoning [1,10]. Other instances have also 
been reflected in last year’s ISoLA track on “X-by-Construction Meets AI”, where sev-
eral contributions involved intersymbolic AI. For example, an intersymbolic program-
ming language was proposed, pairing logical primitives with training and prediction 
based on subsymbolic methods [5]. Within the area of explainable AI (XAI), an incar-
nation of intersymbolic AI by means of logic-based XAI was addressed [7]. In this strand 
of XAI, symbolic AI by means of logic reasoning is used to explain classifiers learned 
using subsymbolic AI approaches. Such approaches are particularly important since the 
operation of the most advanced AI models is often beyond the grasp of human decision 
makers. Much work on XAI relies on measures to quantify feature importance such as 
SHAP [6]. While such measures can give an indication of which are the relevant aspects 
in AI components, they cannot rigorously explain them. In high-risk or safety-critical 
domains, more formal approaches at different levels of abstraction are required to build 
the much needed trust [8]. 

In formal methods, explainability is an ongoing topic of research, turning formal cor-
rectness proofs on decision-making processes into interpretable explications [2]. Sub-
symbolic approaches such as reinforcement learning may assume an underlying formal 
model, e.g., by means of a Markov decision process (MDP). These models can be sub-
ject to formal methods, such as probabilistic model checking or explainability through 
formal notions of causality [3]. 

Research Questions 

All of the above mentioned areas only provide a glimpse of the many research questions 
and research opportunities that are emerging from the combination of formal meth-
ods and AI, constituted in the field of intersymbolic AI: What is the role of formal 
methods in intersymbolic AI? How can formal methods ensure rigorous explanations of 
intersymbolic AI approaches? Is there a generic methodology for intersymbolic AI that 
provides the benefits from both symbolic and subsymbolic AI approaches? What are the 
lessons learned from applying formal methods for neurosymbolic AI or other forms of 
intersymbolic AI? 

Track Format 

The track on “Formal Methods for Intersymbolic AI” (FMIAI) at AISoLA 2025 is 
organized as a two-day event to foster collaboration and research in intersymbolic AI. It 
addresses researchers and practitioners from formal methods, symbolic or subsymbolic 
AI, and established fields of intersymbolic AI such as neurosymbolic AI and XAI. 
Topics accepted for presentation range from logicbased XAI, verification and explanation 
of neural networks, and combinations of statistical model checking and reinforcement 
learning, to large language and modal models in a variety of application domains.
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Track participants have the opportunity to extend their presented contributions and 
include aspects discussed during the conference, and submit their work for publication 
in the forthcoming post-proceedings volume of AISoLA 2025. 
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