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Graph Neural Networks
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XAI for GNNs
Post-hoc:

● gradient-based approaches 
(Li et al. 2021, Kasanishi 2021)

● perturbation-based approaches 
(Ying et al. 2019, Luo et al. 2020) 

● optimization-based approaches 
(Yuan et al. 2021)

● pattern-based 
(Veyrin-Forrer et al. 2022, Kamal et al. 2023)
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Explaining the Explainers in Graph Neural Networks: a Comparative Study (Longa et al., 2025, ACM Comp. Surv.)
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Self-Explainable GNNs

(Hopefully there will be a survey before too long xD)
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Self-Explainable GNNs
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Self-Explainable GNNs

In the beginning… there was nothing.
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Self-Explainable Neural Networks
Explainable by-design models developed with interpretable reasoning process. 

To achieve this result, researchers have developed:

● Prototype-based Neural Networks (C. Chen, 2018; Wang, 2021; S.F. Stefenon, 2022)

● Concept-based Neural Networks (Z. Chen, 2020; P.W. Koh, 2020)
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Self-Explainable Neural Networks

Concept-based Prototype-based
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Self-Explainable GNNs

Prototype-based Interpretable Graph Neural Networks (Ragno et al., 2022, IEEE TAI)
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Logic Explained Networks (Ciravegna et al., 2023, Artificial Intelligence)

Entropy-based logic explanations of neural networks (Barbiero et al., 2022, AAAI)

13

Logic-Explained Networks
Truth table
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Motivating Experiment: Logic Induction

Ground Truth Rule:
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Transparent Explainable Logic Layers

y = σ(w1x1 + w2x2 + w3x3 + b)

yd = 1    ←→    y > 0.5    ←→    w1x1 + w2x2 + w3x3 + b > 0

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno



16
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y = σ(w1x1 + w2x2 + w3x3 + b)
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Transparent Explainable Logic Layers

xi is binary
wi >= 0y = σ(w1x1 + w2x2 + w3x3 + b)

yd = 1    ←→    y > 0.5    ←→    w1x1 + w2x2 + w3x3 + b > 0

y = σ(5x1 + 2x2 + 2x3 - 2.5)
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Transparent Explainable Logic Layers

xi is binary
wi >= 0y = σ(w1x1 + w2x2 + w3x3 + b)

yd = 1    ←→    y > 0.5    ←→    w1x1 + w2x2 + w3x3 + b > 0

y = σ(5x1 + 2x2 + 2x3 - 2.5)

es. x = [1 0 1] → y = σ(5 + 0 + 2 - 2.5) > 0.5 → yd = 1
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Transparent Explainable Logic Layers

xi is binary
wi >= 0y = s(w1x1 + w2x2 + w3x3 + b)

yd = 1    ←→    y > 0.5    ←→    w1x1 + w2x2 + w3x3 + b > 0

y = σ(5x1 + 2x2 + 2x3 - 2.5)

es. x = [1 0 1] → y = σ(5 + 0 + 2 - 2.5) > 0.5 → yd = 1

es. x = [0 0 1] → y = σ(0 + 0 + 2 - 2.5) < 0.5 → yd = 0
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Transparent Explainable Logic Layers

xi is binary
wi >= 0y = σ(w1x1 + w2x2 + w3x3 + b)

yd = 1    ←→    y > 0.5    ←→    w1x1 + w2x2 + w3x3 + b > 0

y = σ(5x1 + 2x2 + 2x3 - 2.5)

yd = 1 ←→ Σi∈𝑋 wi > -b      𝑋 = {i: xi=1}

we need to identify the subsets of features with corresponding weights that sum 
up to a value greater than -b
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Transparent Explainable Logic Layers

xi is binary
wi >= 0y = σ(w1x1 + w2x2 + w3x3 + b)

yd = 1    ←→    y > 0.5    ←→    w1x1 + w2x2 + w3x3 + b > 0

y = σ(5x1 + 2x2 + 2x3 - 2.5)

Logic Rule: x1 ∨ (x2 ∧ x3)
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Transparent Explainable Logic Layers

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno

Transparent Explainable Logic Layers (Ragno et al., 2024, ECAI)



23

Working with continuous inputs

To work with continuous inputs:

● we add a preprocessing layer with 
sigmoid activation which thresholds the 
features

● we introduce a loss over thresholded 
features that pushes them towards 0 
and 1
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Motivating Experiment: Logic Induction

Ground Truth Rule:

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno



25

Classification and Explanation
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Logic-based Explanations for GNNs: SOTA

GRAPHTRAIL: Translating GNN Predictions into 
Human-Interpretable Logical Rules (Ranu et al., 2024, NeurIPS)

Global Explainability of GNNs via Logic Combination of 
Learned Concepts (Azzolin et al. 2023, ICLR)
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Applying TELL paradigm to GNNs

Post-hoc:

● We use TELL to approximate the GNN prediction and identify the most important nodes

Self-Explainable:

● We create a new GNN Layer upon TELL’s paradigm to create a transparent GNN
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LogiX: Faithful Explanations for GNNs using Logic 

Faithful Explanations for GNNs using Logic (Ragno et al., 2025, ECML-PKDD)
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LogiX: Rule Extraction
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LogiX: Faithful Explanations for GNNs using Logic 

Faithful Explanations for GNNs using Logic (Ragno et al., 2025, ECML-PKDD)
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Applying TELL to Graph Neural Networks: GIN

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Applying TELL to Graph Neural Networks: GIN
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On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Applying TELL to Graph Neural Networks: GIN
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On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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LogiX-GIN

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Main difficulties

● When aggregating nodes, we apply rules on the number of neighbors which have a 
determinate pattern. Instead of using a simple threshold, can we learn ranges?

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Fourier Thresholding

We want a parametrizable function that learns 
step-shaped intervals

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Main difficulties

● When aggregating nodes, we apply rules on the number of neighbors which have a 
determinate pattern. Instead of using a simple threshold, can we learn ranges?

● Sigmoid makes TELL hard to train in deep networks: vanishing gradient

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Training by distillation

● We train a model of 5 GIN layers with Gumbel-Sigmoid activation function

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Training by distillation

● We train a model of 5 GIN layers with Gumbel-Sigmoid activation function

● We then initialize a model of 5 Logic-GIN layers with the same characteristics

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Training by distillation

● We train a model of 5 GIN layers with Gumbel-Sigmoid activation function

● We then initialize a model of 5 Logic-GIN layers with the same characteristics

● We pretrain the logic model to replicate the first one layer-by-layer

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)



On Logic-Based Explanations for Graph Neural Networks Alessio Ragno 43

Training by distillation

● We train a model of 5 GIN layers with Gumbel-Sigmoid activation function

● We then initialize a model of 5 Logic-GIN layers with the same characteristics

● We pretrain the logic model to replicate the first one layer-by-layer

● We terminate training with classic backpropagation on the classification task

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Pre-Training Procedure
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How does Logic GIN work? 

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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An actual explanation…

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Graded Modal Logic

Graph Structure : 𝐺 = (𝑉, 𝐸, {𝑃𝑖} 𝑖∈𝐼)

● 𝑉 : finite set of nodes
● 𝐸 ⊆ 𝑉 × 𝑉 : symmetric edge relation
● 𝑃𝑖 ⊆ 𝑉 : unary relations interpreting predicates

Satisfaction Relation 𝐺, 𝑣 ⊧ 𝜑(𝑥) :

● 𝐺, 𝑣 ⊧ 𝑃(𝑥) : node 𝑣 satisfies predicate 𝑃
● 𝐺, 𝑣 ⊧ ¬𝜓(𝑥) : node 𝑣 does not satisfy 𝜓(𝑥)
● 𝐺, 𝑣 ⊧ 𝜓1(𝑥) ∧ 𝜓2(𝑥) : 𝑣 satisfies both formulas
● 𝐺, 𝑣 ⊧ 𝜓1(𝑥) ∨ 𝜓2(𝑥) : 𝑣 satisfies at least one formula
● 𝐺, 𝑣 ⊧ ∃≥𝑁𝑦 (𝐸(𝑥, 𝑦) ∧ 𝜓3(𝑦)) : at least 𝑁 neighbors satisfy 𝜓3

Connection to GNNs : Barceló et al. show GML precisely characterizes node properties computable 
by certain GNN classes. On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Graded Modal Logic
Unary Predicates: Blue(x) and Red(x), denote node colors

Example 1: Atomic predicate

𝜑(𝑥) ∶= 𝐵𝑙𝑢𝑒(𝑥)

Formula holds if 𝑥 is blue.

Example 2: At least two red neighbors

𝜑(𝑥) ∶= ∃≥2𝑦 (𝐸(𝑥, 𝑦) ∧ 𝑅𝑒𝑑(𝑦))

Node 𝑥 has at least two neighbors that are red.

Example 3: Blue node without red neighbors

𝜑(𝑥) ∶= 𝐵𝑙𝑢𝑒(𝑥) ∧ ¬∃≥1𝑦 (𝐸(𝑥, 𝑦) ∧ 𝑅𝑒𝑑(𝑦))

Node 𝑥 is blue and has no red neighbors. On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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The Circle of Logic

GML GNNs

Barcelo et al. demonstrate that we can 
learn GML with GNNs

We demonstrate that we can learn a 
GNN that yields GML rules



50

Results

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Results
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On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Can Logic GIN identify relevant subgraphs?

On Logic-Based Explanations for Graph Neural Networks Alessio Ragno

BaMultiShapes Ba2Motifs

On Logic-based Self-Explainable Graph Neural Networks (Ragno et al., 2025, NeurIPS)
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Limitation and Future Work

● Due to GML limitations, LogiX-GIN expressiveness is limited to counting nodes in 
neighborhoods. 

● Training takes a lot of time due to the distillation procedure (this is TELL’s fault)

Future Work:

Limitations + Real world domains such as chemistry
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Preliminary Results: Higher Expressivity
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Preliminary Results: Chemistry



Thank You

56


