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Machine Learning
Model

• Molecule
• Trading activity
• Health care
• Program
• …

• Postive or negative
• Fraud detection
• Safe or not
• Buggy or not
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• GNN is the dominant graph machine learning method

• Molecule
• Trading activity
• Health care
• Program
• …

• Postive or negative
• Fraud detection
• Safe or not
• Buggy or not
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Problem
Does not explain why

A correct prediction only partially solves your 
problem. The model must also explain why.

- Molnar [2022]

The value of why is growing fast
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GNN Explanation
Technique

Explanations
(e.g., key subgraph)
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GNN Explanation
Technique

Explanations
(e.g., key subgraph)

Molecule

Prediction : Positive

Key subgraph
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GNN Explanation
Technique

Explanations
(e.g., key subgraph)

Two key limitations

• Additional (expensive) explanation cost is required

• The explanations are not guaranteed to be correct
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PL4XGL

• PL4XGL: inherently explainable graph machine learning method

Graph Description Language (GDL)

PLDI 2024
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y xnode x ⟨[−∞, ∞]⟩
node y ⟨[−∞,0.5]⟩
edge (y, x)
target node x

Target

“Nodes having a predecessor whose feature value is equal or less than 0.5”

The GDL program is describing:

Classifi Explanation
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Such nodes will be 
classified into label 1

Score of the program is 0.8

“Nodes having a predecessor whose feature value is equal or less than 0.5”

The GDL program is describing:

node x ⟨[−∞, ∞]⟩
node y ⟨[−∞,0.5]⟩
edge (y, x)
target node x
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“Nodes having a predecessor whose feature value is equal or less than 0.5”

The GDL program is describing:

Graph data Our model Classification & 
Explanation

Classification Explanation
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“Nodes having a successor whose feature value is equal or less than 0.5”

The GDL program is describing:
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“Nodes having a feature”

Model classifies nodes with a better scored one Model classifies nodes with a better scored one 
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= label 1
= label 2

• No additional explanation cost

• Explanations are guaranteed to be correct
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Graph G Our model
(graph classification)

Classification & 
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: label 1

: label 2
Accuracy : 1.0

Our model
(node classification)

Quality of the programs 
determines the accuracy
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Accuracy : 0.0

Graph data Classification & 
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Learning
algorithm

Training data

Learning objective:
Learn high-quality GDL programs
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Learning
algorithm

Training data Top-down learning algorithm

Bottom-up learning algorithm

Learning objective:
Learn high-quality GDL programs



GDL Program Learning Algorithm
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Learning Objective

Generate a GDL program that includes the target node n1 and 
precisely describes the nodes belong to the label 1 (    )

Target node = n1
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Top-down Learning Algorithm

(1) Starts from the most general program

Score : 0.4
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Top-down Learning Algorithm

(1) Starts from the most general program

(2) Enumerate possible specified programs and choose a better scored one.

Score : 0.4
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0.0⟨ ⟩

n4
1.0⟨ ⟩Training graph : 



Top-down Learning Algorithm

(1) Starts from the most general program Score : 0.4

Score : 0.66

(3) Repeat (2) until no better program is enumerated

(4) Return the current program
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(2) Enumerate possible specified programs and choose a better scored one.
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1.0⟨ ⟩Training graph : 



Bottom-up Learning Algorithm

(1) Starts from the most specific program
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Bottom-up Learning Algorithm

(1) Starts from the most specific program

(2) Enumerate possible generalized programs and choose an equal or better scored one

Score : 0.5
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(                               , label 1, 0.66)

(1) Starts from the most specific program

(2) Enumerate possible generalized programs and choose an equal or better scored one

(3) Repeat (2) until all the enumerated programs have lower score

⟨[−∞, ∞]⟩ ⟨[−∞, ∞]⟩(4) Return the current program

Bottom-up Learning Algorithm
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Score : 0.5
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{ ,

}
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Target node = n2

Target node = n3

Target node = n4

Training graph

Learned model
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Target node = n2

Target node = n3

Target node = n4

Training graph

Learned model

}

,

Default triple
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Accuracy Comparison
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PL4XGL shows the best accuracy

Molecule datasets (graph classification)



Cost Comparison
• Our approach is fast if explanation cost is included
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Training + classification + explanation cost
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Explainability Comparison
• Our approach provides correct & simple explanations



GDL Program vs Subgraph
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• GDL is a strictly more expressive than subgraph in graph pattern description

1⟨ ⟩ 0⟨ ⟩

subgraph pattern GDL program

[1, 1]⟨ ⟩ [0, 0]⟨ ⟩

GDL program

0.0⟨ ⟩ 0.0⟨ ⟩

subgraph patterns

{
,

[0, 1]⟨ ⟩ [0, 1]⟨ ⟩ 1.0⟨ ⟩ 1.0⟨ ⟩ }
,

…



GDL-based 
Graph Data-mining

Automatic Feature
Generation for Data-Driven

Static Analysis

GDL-based
Fault Localization

Improving GNN
Using GDL

Graph Description Language

Improving GDL & 
Synthesis Algorithms

OOPSLA’ 25

In progre
ss

Explainable Graph 
Machine Learning
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OOPSLA’ 20
PLDI’ 2
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ToDo

GDL-based 
GNN Explanation

ToDo

In progre
ss


