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Interpretability of Graph Neural Networks

1. Instance-level Explanation: pinpoint specific nodes, edges, or 
subgraphs crucial for a GNN model’s predictions on one data 
instance.

Input instance molecule Green highlight an explanation

An Explainer
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Interpretability of Graph Neural Networks

1. Instance-level Explanation

2. Model-level Explanation: seek to demystify the overall behavior 
of the GNN model by identifying patterns that generally lead to 
certain predictions.

Key Difference:

1. Instance-level methods offer detailed insights for each individual 
graph

2. Model-level methods provide more high-level and broader 
insights explanations 
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Two Types of Model-level Explanation

1. Concept-based methods:  identify higher-level concepts that 
significantly influence the model’s predictions and establish rules 
to illustrate how these concepts are interconnected, like using 
logical formulas

Azzolin, Steve, et al. "Global explainability of gnns via logic combination of learned concepts." arXiv preprint arXiv:2210.07147 (2022).
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Two Types of Model-level Explanation

1. Concept-based methods

2. Generation-based methods: learn a generative model that can 
generate synthetic graphs that are optimized to maximize the 
behavior of the target GNN

Key Notes:

Instead of defining the relationships between important concepts 
with formulas, generation-based models can generate novel graph 
structures that are optimized for specific properties.
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Limitation of Existing Generation-based methods

Existing generation-based model-level explainers for GNNs are 
somewhat limited in their application, especially in molecular graphs
• They does not fully consider the validity of generated explanations

For example:
1. XGNN (Yuan et al., 2020) explains models by building an 

explanation atom-by-atom and sets a maximum degree for each 
atom to maintain the explanation’s validity

2. GNNInterpreter (Wang & Shen, 2022) ensures the validity of 
explanations by maximizing the similarity between the 
explanation graph embedding and the average embedding of all 
graphs, which is not particularly effective for molecular graphs

Yuan, Hao, et al. "Xgnn: Towards model-level explanations of graph neural networks."

Proceedings of the 26th ACM SIGKDD international conference on knowledge discovery & data mining . 2020.

Wang, Xiaoqi, and Han-Wei Shen. "Gnninterpreter: A probabilistic generative model-level explanation for graph neural networks."

arXiv preprint arXiv:2209.07924 (2022).
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Our Motif-bAsed GNN Explainer (MAGE)

Target: Given a dataset, denoted as 𝒢 with |𝒢| molecules and C 
classes, our objective is to generate model-level explanations for a 
target GNN, which comprises a feature extractor 𝜙(∙) and a classifier 
𝑓(∙).

Our method uses motifs as fundamental elements for interpreting the 
overarching behavior of a trained GNN for molecular graph at the 
model level.
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Our Motif-bAsed GNN Explainer (MAGE)

Strength: prevents the creation of potentially invalid intermediate 
substructures, and focuses solely on the arrangement of motifs rather 
than the specific placement of each atom and bond

Main process:
1. Identify all potential motifs within the dataset
2. An attention-driven motif learning phase is employed to identify 

the most significant motifs for each class
3. A graph generator uses the identified motifs to explain each class
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Motif Extraction

Four types of existing methods

1. Ring and bonded pairs
2. Molecule decomposition
3. Molecule tokenization
4. Data-driven method
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Class-wise Motif Identification

Stage 1: molecule-motif relation score calculation
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Class-wise Motif Identification

Stage 2: class-motif relation score calculation

𝑆𝑐𝑚 = 𝑆𝑚𝑚𝑃, 𝑆𝑝𝑟
𝑐𝑚 =  ෍

𝑘=1

|𝒢|

𝑆𝑝𝑘
𝑚𝑚𝑃𝑘𝑟

1. 𝑆𝑝𝑘
𝑚𝑚 represents the molecule-motif relation score between molecule k and motif p

2. Element 𝑃𝑘𝑟 denotes the probability that molecule k is associated with label r
3. We normalize 𝑆𝑐𝑚  by dividing each column by the number of molecules it appears.
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Class-wise Motif Identification

Stage 3: class-wise motif filtering
We filter motifs for each class using class-wise motif scores from the previous stage. The motif set for the 
class 𝐶𝑟  is

𝑀𝐶𝑟
= 𝑚𝑖 𝑆𝑖𝑟

𝑐𝑚  > 𝜃, 1 ≤ 𝑖 ≤ |𝑀|}

where 𝜃 is a hyper-parameter to control the size of the important motif vocabulary
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Class-wise Motif-based Graph Generation

We employ a VAE-based method as a generator to generate model-
level explanation
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Class-wise Motif-based Graph Generation

Component 1: Tree Decomposition

Given an input molecular graph, we decompose it into a 
junction tree. 
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Class-wise Motif-based Graph Generation

Component 1: Tree Decomposition
Component 2: Graph Encoder

A graph encoder is used to encode the latent 
representation of input graph, here we use the target 
GNN feature extractor 𝜙(∙) as the graph encoder
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Class-wise Motif-based Graph Generation

Component 1: Tree Decomposition
Component 2: Graph Encoder
Component 3: Tree Encoder

• A graph neural network is employed to encode the 
junction tree. 

• In the variational posterior approximation, we use 
two different affine layers to compute the mean, 
represented as 𝜇𝐺 , and the log variance, denoted as 
𝑙𝑜𝑔𝜎𝐺 , from ℎ𝐺 . Then, we sample 𝑧𝐺  from a 
Gaussian distribution 𝒩 𝜇𝐺 , 𝜎𝐺 .
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Class-wise Motif-based Graph Generation

Component 1: Tree Decomposition
Component 2: Graph Encoder
Component 3: Tree Encoder
Component 4: Tree Decoder

• The decoder builds the tree in a top-down approach, 
where nodes are created sequentially, one after the 
other.

• The decoder gets the node embedding of current 
node, then use the embedding to determining 
whether the node has a child and identifying the 
child’s label if a child exists.

𝐻′ = 𝐺𝑁𝑁 𝐴′, 𝑋′

𝑝𝑖 = 𝑃𝑅𝐸𝐷(𝐶𝑂𝑀𝐵(𝑧𝒯 , 𝐻𝑖
′))

𝑞𝑖 = 𝑃𝑅𝐸𝐷𝑙(𝐶𝑂𝑀𝐵𝑙(𝑧𝒯 , 𝐻𝑖
′))
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Class-wise Motif-based Graph Generation

Component 1: Tree Decomposition
Component 2: Graph Encoder
Component 3: Tree Encoder
Component 4: Tree Decoder
Component 5: Graph Decoder

• The decoder aims to find ෠𝐺 as
෠𝐺 = 𝑎𝑟𝑔𝑚𝑎𝑥𝐺′∈𝒢 𝒯 𝑓𝑎 𝐺′

𝑓𝑎 𝐺′ = 𝑓 𝜙 𝐺𝑖 [𝑟]
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Class-wise Motif-based Graph Generation

Component 1: Tree Decomposition
Component 2: Graph Encoder
Component 3: Tree Encoder
Component 4: Tree Decoder
Component 5: Graph Decoder
Component 6: Loss Function

ℒ =  ℒℛ + ℒ𝒫

ℒℛ =  ෍ ℒ𝑐ℎ𝑖𝑙𝑑 + ෍ ℒ𝑙𝑎𝑏𝑒𝑙

ℒ𝒫 =  ෍ 𝑀𝑆𝐸 ℎ𝐺, ℎ𝒯 + ෍ ℒ(𝑓 ℎ𝒯 , 𝑟)
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Experiments (Datasets and Setup)

• We evaluate the proposed methods using molecule classification 
tasks on six real-world datasets: Mutagenicity, PTC MR, PTC MM, 
PTC FM, AIDS, and NCI-H23.

• We compare our MAGE model with two state-of-the-art baselines: 
XGNN and GNNInterpreter.

• We uses two distinct metrics to assess performance: Validity and 
Average Probability.

𝑉𝑎𝑙𝑖𝑑𝑖𝑡𝑦 =
# 𝑉𝑎𝑙𝑖𝑑 𝑀𝑜𝑙𝑒𝑐𝑢𝑙𝑒𝑠

# 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑀𝑜𝑙𝑒𝑐𝑢𝑙𝑒𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
σ 𝐶𝑙𝑎𝑠𝑠 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦

# 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑀𝑜𝑙𝑒𝑐𝑢𝑙𝑒𝑠
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Experiments (Quantitative Results)

• Validity
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Experiments (Quantitative Results)

• Average Probability
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