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Abstract
We present ProgNet, a graph learning framework for interpretable
graph classification that treats explanatory structures as first-class,
reusable components of the prediction mechanism. Departing from
existing methods that generate isolated, instance-specific explana-
tions, ProgNet introduces a paradigmwhere reasoning is grounded
in a shared vocabulary of reusable structural programs. Specifi-
cally, ProgNet represents each graph using a shared vocabulary
of human-interpretable programs written in a graph pattern de-
scription language, grounding predictions in explicit structural
evidence rather than latent embeddings alone. The vocabulary is
constructed to promote both coverage and diversity, yielding com-
pact and reusable structural primitives that generalize across in-
stances. Classification is performed via an inherently decomposable
evidence composition network that scores and aggregates program-
level evidence, resulting in predictions whose logits admit additive,
signed attributions. Extensive experiments on eight graph classifica-
tion benchmarks demonstrate that ProgNet achieves competitive
predictive accuracy while providing more faithful explanations.

CCS Concepts
• Computing methodologies→ Neural networks; • Informa-
tion systems→ Data mining.
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1 Introduction
Graphs are a fundamental data structure that can naturally repre-
sent complex relationships and interactions in diverse real-world
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data, ranging from molecular structures and social networks to pro-
gram execution traces and knowledge bases. This versatility has led
to the widespread adoption of graph classification across various
decision-critical domains such as drug discovery [14, 16, 23, 27]. In
such domains, stakeholders require both accurate predictions and
clear explanations.

Recently, graph neural networks (GNNs) [26] have emerged as
the dominant approach for graph classification. GNNs demonstrate
strong potential through their ability to learn effective graph repre-
sentations by iteratively aggregating information from neighboring
nodes. This capability enables GNNs to capture complex structural
patterns and achieve high accuracy on various graph classification
tasks. As a result, GNNs are now widely adopted in real-world
applications across diverse domains [33]. However, despite their
accuracy, standard GNNs often operate as black boxes: the evidence
driving a prediction remains entangled in continuous embeddings,
making it difficult to explicitly identify what structural patterns
are responsible for the decision. This limitation becomes critical in
domains where understanding the underlying reasoning process is
as crucial as achieving high predictive performance.

To address this issue, many explainable and interpretable GNN
techniques have been proposed [11]. However, existing approaches
often struggle to provide faithful explanations, and they frequently
exhibit a trade-off between predictive accuracy and explanation
quality. Specifically, it remains challenging to connect GNN em-
beddings to discrete structural patterns for intuitive and faithful
explanations. As illustrated in Figure 1, methods that preserve the
accuracy of strong GNN encoders (e.g., GNN+SubgraphX [32] and
GSAT [19]) tend to provide weak or unstable explanations, while
inherently interpretable approaches (e.g., PL4XGL [10]) often sacri-
fice prediction accuracy. These recurring limitations highlight the
need for an alternative approach that achieves both high predictive
accuracy and explainability. A common challenge across existing
approaches is that explanatory structures are not treated as shared,
reusable components of the prediction process, but are instead gen-
erated independently for individual instances. This instance-level
isolation prevents models from learning a consistent structural vo-
cabulary across the dataset, often leading to unstable explanations
that fail to capture the generalized logic of the task. This motivates a
framework in which explanatory structures are treated as first-class,
reusable components that drive the prediction process.

To this end, we propose ProgNet, a framework that integrates
neural representation learning with an explicit, program-level evi-
dence space for transparent graph classification. ProgNet repre-
sents each graph through a shared vocabulary of human-interpretable
programs written in a graph pattern description language, enabling
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Figure 1: Accuracy-fidelity balance across the eight benchmarks. For the x-axis, higher values indicate better accuracy. For the
y-axis, lower values indicate better fidelity (better explainability).
explicit reasoning beyond latent features. We construct a compact
vocabulary by selecting diverse structural patterns (i.e., programs)
that maximize coverage while minimizing redundancy. Finally, we
propose a decomposable evidence composition network that scores
program relevance via bilinear interactions and aggregates evidence
through additive composition. This design yields intrinsic inter-
pretability: predicted logits decompose into signed program-level
contributions for the predictions. The predictions can be explained
through the programs (i.e., graph patterns) with high contributions.
The experimental results demonstrate that ProgNet achieves both
high accuracy and interpretability. ProgNet attains competitive ac-
curacy across representative graph classification benchmarks while
providing high-quality explanations for the predictions compared to
various existing baselines (e.g., Figure 1). In addition, ProgNet pro-
vides dataset-level (i.e., generalizable) evidence that can be reused
across the dataset, which is not the case for existing methods that
provide instance-level evidence.

We summarize our contributions as follows:

• Program-Grounded Evidence Composition.We propose
an inherently decomposable architecture that integrates neu-
ral representation learning with an explicit, program-level
evidence space, thereby enabling predictions to be directly at-
tributed to a set of human-interpretable structural primitives.
• Diversity-Preserving Structural Primitive Discovery. We
introduce a diversity-preserving vocabulary construction strat-
egy that identifies reusable structural primitives across the
dataset. By curating a compact vocabulary of program-level ev-
idence, ProgNet enables the transition from instance-specific
explanations to generalizable, dataset-level structural insights.
• Empirical Validation. Extensive experiments on eight repre-
sentative graph classification benchmarks demonstrate that
ProgNet achieves competitive accuracy while consistently
providing more faithful explanations compared to state-of-the-
art baselines. Our source code is publicly available.1

1https://github.com/dgistpl/ProgNet

2 Related Work

Graph Neural Networks. Graph Neural Networks (GNNs) are the
dominant methods in graph machine learning due to their high
accuracy. In graph classification, GNNs [3, 6] perform a message-
passing procedure to generate node and edge representations that
capture local structural information (i.e., neighborhood features).
For instance, GCN [12] simplifies spectral graph convolution by ag-
gregating information from local neighborhoods. GAT [25] learns
to weigh the importance of neighboring nodes via attention mecha-
nisms, enabling more relevant neighbors to contribute more when
updating a node’s embedding. GIN [28] aggregates neighbor fea-
tures using a sum operation and applies an MLP. After message
passing, GNNs apply a pooling mechanism to aggregate node-level
information into a single graph-level representation [5]. The graph
is then classified using this aggregated embedding. However, be-
cause GNNs make predictions based on these opaque vectorized
representations, it is challenging to explain their predictions [11].
This lack of interpretability limits the usage of GNNs in decision-
critical domains that require both accurate predictions and clear
explanations.

Explainable Graph Machine Learning. To develop explainable
and accurate graph machine learning methods, various approaches
have been proposed. A mainstream approach is to develop post-
hoc explanation methods [17, 29, 32] that provide explanations
after GNNs make predictions. Given a graph with its prediction,
for instance, a state-of-the-art post-hoc explanation method Sub-
graphX [32] generates a subgraph that is considered to be the
reason behind the prediction. Other post-hoc techniques such as
GraphChef [20] and GraphLime [8] generate interpretable sur-
rogate models that mimic the GNN’s behavior. Another line of
work focuses on rationalization-based approaches [13] that identify
important parts of the input graph during the prediction process.
For instance, GSAT [19], an intrinsically interpretable approach
based on stochastic attention, identifies task-relevant subgraphs
through the information bottleneck principle and provides them
as rationales. To develop inherently interpretable graph machine
learning, recent work has developed symbolic (i.e., non-neural)

https://github.com/dgistpl/ProgNet
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graph machine learning methods. For instance, PL4XGL [10] mines
graph patterns described as GDL programs from training data and
uses them in graph classification.

Graph Pattern Description Languages. To explicitly describe
meaningful graph patterns, various graph pattern description lan-
guages have been designed. The most traditional graph pattern
description method is the subgraph representation. Beyond explain-
ing GNNs [29], subgraphs have served as a pattern description
language in graph pattern mining [1, 9]. As a pattern description
language, however, subgraphs have limited expressiveness, often
failing to capture key patterns in real-world datasets [10]. To ad-
dress this limitation, more expressive graph pattern description
languages have been explored in the programming language com-
munity [18, 21, 24]. For instance, Cypher [4, 7] is a representative
graph pattern description language that uses constraints (rather
than specific values) to describe meaningful graph patterns and has
been widely adopted for querying graph databases. GDL (graph de-
scription language) [10] is a relatively recent one that uses intervals
to describe feature value ranges in graph patterns.

3 Proposed Framework
Now, we present our approach ProgNet in detail.We first introduce
the problem and challenges. Then, we illustrate our idea and how
ProgNet addresses the problem.

3.1 Problem Formulation
Let G = {𝐺1, . . . ,𝐺𝑚} be a set of graphs, where each graph 𝐺𝑖 is
associated with a label 𝑦𝑖 ∈ {1, . . . ,𝐶}. In a graph, each node (resp.,
edge) is associated with a 𝑑-dimensional (resp., 𝑒-dimensional) fea-
ture vector. Our objective is to learn a classifier 𝑓 : G → {1, . . . ,𝐶}
that minimizes graph classification error while providing intrinsic
and faithful explanations.

3.2 Challenges & Ideas
To address the problem, we tackle the following three challenges.

C1. Absence of an explicit, shared evidence interface. Standard
GNNs operate in latent embedding spaces, and many explainers
provide isolated, instance-specific rationales. This makes it dif-
ficult to expose reusable and inspectable evidence units that are
consistent across the dataset.

C2. Redundant and low-diversity structural primitives. The
space of graph substructures is combinatorially large. Naïve
strategies often collect redundant patterns, limiting coverage
and diversity.

C3. Reliable composition under soft grounding. Scoring pat-
terns in a differentiable manner while preserving decomposable
aggregation for faithful attribution remains challenging.

To address these challenges, we propose the following ideas:

I1. Declarative program-based evidence interface.We represent
each graph using a shared vocabulary of human-interpretable
programs, enabling reusable and inspectable evidence across
instances.

I2. Diversity-preserving evidence discovery via precision–coverage
greedy selection. We construct a compact yet informative pro-
gram vocabulary by employing a greedy selection that maximizes
coverage while reducing redundancy.

I3. Compositional and faithful prediction via decomposable
evidence aggregation.We design an evidence-aware reasoning
network that performs context-aware soft scoring of programs
and composes their signed contributions additively, enabling
transparent multi-evidence reasoning and faithful program-level
attribution.
Given a training set, ProgNet first extracts candidate programs

from training graphs and selects a compact, representative sub-
set to form the global evidence vocabulary. Given an input graph,
ProgNet encodes it with a GNN and computes program relevance
scores using the decomposable reasoning network. The final pre-
diction is obtained by composing program-level attributions.

3.3 Declarative Evidence Interface
To bridge the gap between low-level graph structures and high-level
symbolic reasoning, we introduce a declarative evidence interface
for graph classification. For example, in molecular graphs, low-level
evidence corresponds to raw primitives such as atoms and their
local feature vectors, which are difficult to interpret in isolation.
High-level evidence, in contrast, captures chemically meaningful
concepts (e.g., functional groups) expressed as logical programs
that compose multiple primitives into human-readable rules. This
interface specifies a simple contract: a graph 𝐺 is mapped to an
explicit set of evidence activations by evaluating a collection of
GDL programs. Each program 𝑃 serves as a human-readable logical
unit that captures graph patterns. By exposing these program-level
signals as first-class components of the prediction pipeline, our
model provides compositional and faithful explanations.

GDL is a lightweight declarative programming language for
specifying human-interpretable graph patterns. A GDL program 𝑃

consists of logical node and edge variables associated with feature
value constraints. Below, we use the notation𝐴 to denote a sequence
of elements in 𝐴.

Syntax. A GDL program 𝑃 = (𝛿𝑉 , 𝛿𝐸) consists of node descriptions
𝛿𝑉 and edge descriptions 𝛿𝐸 . A node description 𝛿𝑉 is a pair of a
node variable and a feature value constraint (e.g., node 𝑥 <𝜙>). A
feature value constraint (<𝜙> = <𝜙1, . . . ,𝜙𝑑>) is a 𝑑-dimensional
vector of intervals (e.g., < [0.0, 2.0], . . . , [3.0, 5.0]>) where the 𝑖-th
interval 𝜙𝑖 constrains the 𝑖-th value of the feature vector. An edge
description 𝛿𝐸 is a pair of an edge variable and a feature value
constraint (e.g., edge 𝑥 <𝜙1, . . . ,𝜙𝑒>).

Semantics. A GDL program describes a set of graphs that satisfy
the program. A graph 𝐺𝑖 = (𝑉𝑖 , 𝐸𝑖 ) satisfies a program 𝑃 (denoted
𝐺𝑖 |= 𝑃 ) if there exists a mapping that assigns a distinct node to
each variable such that the feature values of the corresponding
nodes and edges satisfy the feature value intervals. That is, if there
exists a subgraph 𝐺 ′𝑖 ⊆ 𝐺𝑖 that satisfies all structural and feature
value constraints of 𝑃 , then 𝐺𝑖 |= 𝑃 . We define the semantics of 𝑃
as J𝑃K = {𝐺 | 𝐺 |= 𝑃}, the set of all graphs satisfying 𝑃 .
Example. Figure 2 is an example to illustrate how GDL programs
work. Figure 2a and 2b are two example graphs where each node is
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⟨2.0⟩

⟨4.0⟩

⟨1.0⟩

⟨1.0⟩

(a) Graph𝐺1

⟨2.0⟩

⟨1.0⟩

⟨4.0⟩

⟨1.0⟩

(b) Graph𝐺2

node x <[3.0, 4.0]>

node y <[2.0, 2.0]>

node z <[1.0, 1.0]>

edge (x, y)

edge (y, z)

(c) GDL program 𝑃1

node x <[1.0, 1.0]>

node y <[0.0, 5.0]>

node z <[1.0, 1.0]>

edge (x, y)

edge (y, z)

(d) GDL program 𝑃2

Figure 2: Example graphs and GDL programs
associated with a one-dimensional feature vector. Figure 2c and 2d
are two example GDL programs. 𝑃1 describes a length-2 path where
nodes (𝑥,𝑦, 𝑧) must satisfy feature intervals ⟨[3.0, 4.0]⟩, ⟨[2.0, 2.0]⟩,
and ⟨[1.0, 1.0]⟩, respectively. Accordingly, 𝐺1 satisfies 𝑃1 (𝐺1 |= 𝑃1)

due to a subgraph ⟨2.0⟩⟨4.0⟩ ⟨1.0⟩ , whereas𝐺2 does not

satisfy 𝑃1 (𝐺2 ∉ J𝑃1K) since it contains no subgraph satisfying
𝑃1. Meanwhile, 𝐺2 satisfies 𝑃2 (𝐺2 ∈ J𝑃2K) because of a subgraph

⟨2.0⟩⟨1.0⟩ ⟨1.0⟩ , whereas 𝐺1 does not (𝐺1 ∉ J𝑃2K). Com-

pared to rigid subgraph templates, GDL provides a more expressive
and vocabulary-friendly pattern language by using feature value
ranges in addition to topology, while still capturing fixed subgraphs
as a special case.

A natural alternative for building an evidence vocabulary is to
employ subgraphs with specific feature values. However, such a
representation is inherently instance-specific, which conflicts with
our goal of constructing a shared evidence space that supports
dataset-level reuse and compositional reasoning. This motivates
our use of declarative programs as discrete evidence units.

We now describe how to extract GDL programs from graphs.
Given a graph𝐺𝑖 from a training setD = {(𝐺𝑖 , 𝑦𝑖 )}𝑚𝑖=1, our interface
extracts a single GDL program 𝑃𝑖 = Extract(𝐺𝑖 ,D) that describes
a graph pattern in 𝐺𝑖 (i.e., 𝐺𝑖 |= 𝑃𝑖 ). Repeating this extraction
over the training set yields a collection of per-graph programs
P = {𝑃𝑖 }𝑚𝑖=1, from which we construct a compact vocabulary Q
in Section 3.4. In addition, we define a function 𝑙 that maps each
program 𝑃𝑖 to the class label of the source graph, i.e., 𝑙 (𝑃𝑖 ) = 𝑦𝑖 .

For candidate program generation, we follow the GDL formal-
ism and program-mining procedure of [10], using it as a candidate
generator for constructing ProgNet’s evidence vocabulary. This
choice provides an established pipeline for obtaining graph pat-
terns that align with the requirements of our declarative interface.
Building upon this interface design, we focus the remainder of
our framework on two critical challenges: (i) constructing a com-
pact, diversity-preserving vocabulary from the large and redundant
candidate programs, and (ii) integrating the selected programs as
first-class symbolic evidence for GNN-based prediction and attribu-
tion.

Algorithm 1 Vocabulary Construction
Require: Training set D = {(𝐺𝑖 , 𝑦𝑖 )}𝑚𝑖=1, Target vocabulary size 𝑛
Ensure: Program Vocabulary Q = {𝑃1, 𝑃2, . . . , 𝑃𝑛}
1: procedure Construct(D)
2: P ← ⋃

(𝐺𝑖 ,𝑦𝑖 ) ∈D Extract(𝐺𝑖 ,D)
3: Q ← ∅
4: while |Q| < 𝑛 do

5: 𝑃 ← argmax𝑃 ∈P

���( (J𝑃K∩G𝑡𝑟 )\C(Q))∩G𝑦 (𝑃 )
���

|G𝑡𝑟∩J𝑃K| ⊲ Eq. (1)
6: Q ← Q ∪ {𝑃}
7: return Q

3.4 Vocabulary Construction
The first challenge is to curate a compact yet representative vo-
cabulary from the vast space of programs P = {𝑃𝑖 }𝑚𝑖=1. A naive
approach is to use all the extracted programs. However, this leads
to an excessively large evidence space filled with redundant and
overlapping patterns. This not only increases computational over-
head but also obscures the clarity of explanations. An alternative is
to select the top-𝑘 programs based on precision scores. Each pro-
gram 𝑃𝑖 in P is scored by how precisely it describes its associated
label 𝑙 (𝑃𝑖 ) on the training set D:

| G𝑙 (𝑃𝑖 )∩J𝑃𝑖K |
| G𝑡𝑟∩J𝑃𝑖K |

, where G𝑡𝑟 denotes
the set of training graphs (i.e., G𝑡𝑟 = {𝐺 𝑗 | (𝐺 𝑗 , 𝑦 𝑗 ) ∈ D}) and
G𝑙 (𝑃𝑖 ) denotes the graphs with label 𝑙 (𝑃𝑖 ) in the training set (i.e.,
G𝑙 (𝑃𝑖 ) = {𝐺 𝑗 | (𝐺 𝑗 , 𝑦 𝑗 ) ∈ D, 𝑦 𝑗 = 𝑙 (𝑃𝑖 )}). However, this strategy
often fails to ensure sufficient coverage of the dataset. Since high-
precision programs may only describe a small and specific subset
of graphs, a top-𝑘 list can be dominated by minor variations of the
same motif, leaving a large portion of the dataset unexplained.

To address the challenge, we propose a greedy selection strat-
egy that prioritizes marginal precision on the uncovered data. We
iteratively construct the vocabulary Q by selecting a program 𝑃 in
the candidate set P that maximizes the following objective:

argmax
𝑃∈P

�� ((J𝑃K ∩ G𝑡𝑟 ) \ C(Q)
)
∩ G𝑙 (𝑃 )

����G𝑡𝑟 ∩ J𝑃K
�� (1)

where we define C(Q) =⋃
𝑃 ′∈Q (J𝑃 ′K) as the set of graphs covered

by the programs in the vocabulary Q.
The core logic of Eq. (1) lies in balancing predictive reliability,

coverage, and diversity. By subtracting C(Q) in the numerator, we
measure a program’s label-consistent coverage specifically on the
portion of the training set that remains uncovered. Meanwhile, the
denominator |J𝑃K ∩ G𝑡𝑟 | prefers that the newly added program
has little overlap with the already selected programs in Q. For
example, suppose two programs 𝑃1 and 𝑃2 satisfy J𝑃1K ∩ G𝑡𝑟 =

(J𝑃2K ∩ G𝑡𝑟 ) \ {𝐺} and𝐺 ∈ C(Q). That is, 𝑃2 additionally includes
a training graph 𝐺 that is already covered by Q compared to 𝑃1.
Then, 𝑃2 will receive a lower score than 𝑃1 as they share the same
numerator but 𝑃2 has a larger denominator (larger overlap with Q).

Based on Eq. (1), we construct a compact program vocabulary
with high coverage and diversity. The overall procedure for this
construction is summarized in Algorithm 1. At line 2, it first gener-
ates a set of candidate programs. Then, it iteratively adds a program
to the vocabulary Q until the vocabulary size |Q| reaches the target
size 𝑛 (lines 4–6). In each iteration, it selects a program 𝑃 from the
candidate set using Eq. (1) and updates the vocabulary Q.
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3.5 Decomposable Reasoning Network
The remaining challenge is to harness the expressive power of
neural predictors while leveraging the curated program vocabulary
Q for intrinsic interpretability. To operationalize the interaction,
we identify three architectural requirements:

(1) Decomposability: the final class score admits an exact de-
composition into per-program evidence contributions, ensur-
ing intrinsic transparency and enabling faithful attribution.

(2) Contextuality: the importance of the same program should
be adaptively weighted by the graph’s global neural context,
so that evidence is interpreted in a data-dependent manner.

(3) Consistency: each evidence unit corresponds to a shared
program in Q and is evaluated with a consistent semantics
across the dataset, supporting reuse and comparability across
instances.

To satisfy these requirements, we propose a decomposable rea-
soning network that models a tripartite interaction between graph
embeddings, program representations, and class prototypes. For-
mally, let h𝐺𝑖

∈ R𝐷 be the latent graph representation derived from
a GNN encoder, and let h𝑃 ∈ R𝐷 be the learnable embedding for
program 𝑃 ∈ Q. Let 𝑒𝑃 (𝐺𝑖 ) ∈ {0, 1} denote the activation indicator
of program 𝑃 on graph 𝐺𝑖 (i.e., 𝑒𝑃 (𝐺𝑖 ) = 1 iff 𝐺𝑖 ∈ J𝑃K). The logit
for class 𝑐 is computed as:

𝑓𝑐 (𝐺𝑖 ) =
∑︁
𝑃∈Q

𝑒𝑃 (𝐺𝑖 ) ·
(
(v⊤𝑐 h𝑃 )︸   ︷︷   ︸

Class Alignment

· (h⊤𝐺𝑖
Wh𝑃 )︸        ︷︷        ︸

Instance Context

)
. (2)

where v𝑐 ∈ R𝐷 is a class-specific prototype and W ∈ R𝐷×𝐷 is a
bilinear interaction matrix. In this architecture, the Instance Context
term captures contextuality by gating a program’s contribution
based on the neural embedding h𝐺𝑖

. The use of shared program
embeddings {h𝑃 }𝑃 ∈Q , combined with fixed program semantics,
ensures consistency across the dataset; this facilitates knowledge
reuse and enables direct comparability of evidence units across
diverse instances. Finally, since 𝑓𝑐 (𝐺𝑖 ) is defined as an explicit
summation over activated programs, the model is decomposable
by construction, allowing for faithful program-level attribution.

Graph Encoder. To compute the latent graph representations, we
employ a standard Graph Convolutional Network (GCN) as the
encoder. For a graph 𝐺𝑖 = (𝑉𝑖 , 𝐸𝑖 ) with initial node features X𝑖 ∈
R |𝑉𝑖 |×𝑑𝑖𝑛 , we first obtain node-level embeddings H𝑖 ∈ R |𝑉𝑖 |×𝐷 via a
GCN layer followed by a non-linear activation:H𝑖 = 𝜎 (GCN(X𝑖 , 𝐸𝑖 )),
where 𝜎 is the activation function. The node representations are
then aggregated into a fixed-dimensional graph-level embedding
h𝐺𝑖
∈ R𝐷 through globalmean pooling: h𝐺𝑖

= 1
|𝑉𝑖 |

∑
𝑣∈𝑉𝑖 h𝑣,𝑖 ,where

h𝑣,𝑖 is the 𝑣-th row of H𝑖 . While we use a single-layer GCN for sim-
plicity, our framework is model-agnostic and can be integrated with
more advanced graph encoders or pooling mechanisms.

Program Embeddings. Each GDL program 𝑃 ∈ Q is represented
by a learnable embedding h𝑃 ∈ R𝐷 . We collect these embeddings
in a matrix HQ ∈ R | Q |×𝐷 , which is trained jointly with the GNN
encoder under the classification objective. Intuitively, h𝑃 provides a
continuous representation of a discrete symbolic pattern, allowing
programs to interact with neural graph representations through
the scoring function (e.g., via class–program alignment v⊤𝑐 h𝑃 and

Algorithm 2 Explaining ProgNet
Require: graph 𝐺𝑖 , trained ProgNet modelMQ
Ensure: subgraph explanation 𝐺 ′𝑖
1: procedure ExplanationSubgraph(𝐺𝑖 ,MQ )
2: 𝐺 ′𝑖 ← 𝐺𝑖

3: Q′ ← {𝑃 | 𝑃 ∈ Q, 𝛼 (𝐺𝑖 , 𝑐, 𝑃) ≥ 𝜏}
4: repeat
5: 𝐺𝑖 ← 𝐺 ′𝑖
6: 𝐺 ′𝑖 ← Refine(𝐺𝑖 ,Q′)
7: until 𝐺𝑖 =𝐺 ′𝑖
8: return 𝐺 ′𝑖

graph–program context h⊤
𝐺
Wh𝑃 ). As a result, the model can lever-

age the curated vocabulary Q as first-class evidence while retaining
the expressive power of neural features, enabling both accurate
prediction and faithful program-level attribution.

Class Prototypes. For each class 𝑐 ∈ {1, . . . ,𝐶}, we maintain a
learnable prototype vector v𝑐 ∈ R𝐷 , and collect them into a matrix
V ∈ R𝐶×𝐷 . These prototypes lie in the same latent space as h𝐺 and
h𝑃 , and directly parameterize the class alignment term (v⊤𝑐 h𝑃 ) in our
scoring function. This design allows themodel to learn class-specific
preferences over programs, thereby emphasizing label-relevant
symbolic evidence.

3.6 Explaining Predictions
A key advantage of our architecture is that predictions are explicitly
decomposed into per-program contributions. We provide two com-
plementary explanation layers: (i) program-level attribution that
quantifies how each globally-defined evidence program contributes
to the predicted logit for a given instance, and (ii) instance-grounded
evidence extraction that grounds the top-attributed programs into a
compact subgraph of the input graph.

Program-level Attribution over Globally-defined Evidence. For
a graph𝐺𝑖 with predicted class 𝑐 , we quantify the contribution of
each program 𝑃 ∈ Q by its attribution score:

𝛼 (𝐺𝑖 , 𝑐, 𝑃) = 𝑒𝑃 (𝐺𝑖 ) · (v⊤𝑐 h𝑃 ) · (h
⊤
𝐺𝑖
Wh𝑃 ), (3)

which corresponds to the program-specific term in the predicted-
class logit. Programs with large positive attribution scores increase
the logit of 𝑐 and thus provide supporting evidence, whereas those
with large negative scores act as counter-evidence. Notably, the sign
of the final contribution is determined by the directional agreement
between the class-alignment term (v⊤

𝑐
h𝑃 ) and the instance-context

term (h⊤
𝐺𝑖
Wh𝑃 ). Specifically, a positive attribution arises when

these two terms share the same sign (both positive or both negative),
while a negative attribution arises when their signs disagree.

Instance-grounded Evidence SubgraphExtraction.While program-
level attribution explains which globally-defined programs drive
the prediction on 𝐺𝑖 , we further ground these programs into a con-
crete evidence subgraph. Algorithm 2 presents our procedure for
extracting such a subgraph. The algorithm first identifies important
programs Q′𝑖 based on their attribution scores 𝛼 (𝐺𝑖 , 𝑐, 𝑃) (line 3).
In our algorithm, we select programs with attribution scores larger
than a threshold 𝜏 , where 𝜏 > 0 is a hyperparameter chosen by the
user. Then, the algorithm iteratively removes nodes or edges of 𝐺𝑖

to find the smallest subgraph 𝐺 ′𝑖 ⊆ 𝐺𝑖 that satisfies all programs
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in Q′𝑖 . The function Refine(𝐺𝑖 ,Q′𝑖 ) tries to remove nodes or edges
such that the refined subgraph 𝐺 ′𝑖 still satisfies all programs in Q′𝑖
(i.e., ∀𝑃 ∈ Q′𝑖 . 𝐺 ′𝑖 |= 𝑃 ). The procedure terminates when no further
node or edge can be removed (i.e., Refine(𝐺𝑖 ,Q′𝑖 ) returns 𝐺𝑖 ). This
yields a compact evidence subgraph 𝐺 ′𝑖 that justifies the model’s
prediction through the selected important programs Q′𝑖 .

4 Evaluation
In this section, we evaluate the performance of ProgNet on vari-
ous graph classification benchmarks against several baselines. Our
evaluation aims to answer the following research questions:
• RQ1 (Quantitative Comparison): How does ProgNet com-
pare to existing graph machine learning methods in terms of
accuracy and explainability?
• RQ2 (QualitativeAnalysis):Canwe interpret the predictions
of ProgNet through its program-level evidence?
• RQ3 (Adequacy Analysis): Does our vocabulary construc-
tion procedure produce a compact and diverse vocabulary with
high coverage?

Datasets. Our evaluation uses eight widely used graph classifi-
cation datasets. We use seven molecular datasets: BBBP, BACE,
Mutagenicity, PROTEINS, MUTAG, PTC (MR), and NCI1. The la-
bels in these molecular datasets correspond to molecular properties,
bioactivity, or toxicity. We note that explainability and accuracy
are both important for these molecular datasets, as they are related
to drug discovery. Additionally, we include a synthetic dataset, BA-
2Motifs, which is widely used for evaluating explainability [32].
Datasets are randomly split into 8:1:1 for training, validation, and
test sets.

Baselines. For comparison, we include three types of baseline meth-
ods representing different approaches to explainable graph clas-
sification. We include traditional graph neural networks (GNNs)
with the post-hoc GNN explanation methods SubgraphX [32] and
OrphicX [15]. As traditional GNNs, we use GCN [12], GIN [28], and
GAT [25]. SubgraphX and OrphicX are state-of-the-art post-hoc
GNN explanation methods that generate subgraphs responsible
for the predictions. We also include GSAT [19], a rationale-based
approach. After a prediction, GSAT provides important edges re-
sponsible for the predictions. Lastly, we include PL4XGL [10], which
is a symbolic (non-neural) graph learning method that is inherently
interpretable. Conceptually, PL4XGL is a decision tree that uses
GDL programs as features; the predictions can be interpreted by
tracing the decision tree. When training the models, hyperparame-
ters are selected based on the validation set. All experiments are
conducted on an AMD Ryzen Threadripper 3990X (64 cores) with
an NVIDIA RTX A6000 GPU.

4.1 Quantitative Comparison
Metrics. For comparison, we use the balance between Accuracy and
Fidelity. Fidelity [11], which is also known as Fidelity−𝑎𝑐𝑐 [31], is
a metric that is designed to measure the correctness of the expla-
nations. As interpretability is difficult to compare directly across
methods, explainability has been used as a proxy for interpretability.
An intuition behind this is that a more interpretable method will
provide more correct explanations.

Fidelity assumes that explanations are provided as subgraphs
and is defined as follows:

Fidelity :
1
𝑁

𝑁∑︁
𝑖=1

(
I(𝑦𝑖 = 𝑦𝑖 ) − I(𝑦𝑚𝑖

𝑖
= 𝑦𝑖 )

)
In the above equation, 𝑁 is the number of explained classifications,
𝑦𝑖 represents the original classification result for the 𝑖th graph. 𝑦𝑖
is the classification result for the original graph. 𝑚𝑖 denotes the
nodes in the explanation subgraph; 𝑦𝑚𝑖

𝑖
denotes the classification

result for the subgraph. The intuition behind Fidelity is that the
predictions of the model should remain the same when the provided
subgraph explanation is given. I(𝑎 = 𝑏) is the indicator function
that returns 1 if 𝑎 is the same as 𝑏, and 0 otherwise. 𝑦𝑚𝑖

𝑖
is the

prediction of the model when the subgraph explanation is given
as an input graph to the model. That is, maintaining the same
prediction results in a lower (better) fidelity score. For measuring
Fidelity, we use Algorithm 2 to generate subgraph explanations
from ProgNet’s and PL4XGL’s program-based predictions.

Following prior work [30], we configured the four methods to
generate subgraph explanations of similar size and compare the Fi-
delity score. For all methods except PL4XGL, the size of subgraph ex-
planations can be controlled by hyperparameters; the Fidelity score
varies depending on the chosen size. Meanwhile, the size of sub-
graph explanations is chosen by the model itself in PL4XGL; we
made other methods generate subgraph explanations of similar size
to PL4XGL for fair comparison.

In our evaluation, we do not use other metrics such as the stabil-
ity and contrastivity [31] as they are unsuitable for our approach.
Stability assumes explanations should be the same for similar in-
puts. In our architecture, however, a mutation that changes whether
a graph matches a high-affinity program should yield a different
explanation; keeping it the same would itself be misleading. Also,
contrastivity assumes that explanations should be different for dif-
ferent labels, but this is also not valid in our method. Our learned
vocabulary may contain similar programs associated with different
labels. Fidelity+ is also a well-known metric [31] which measures
whether removing the provided subgraph from the graph changes
the model’s prediction. However, Fidelity+ is also inappropriate in
our architecture: multiple subgraphs may match the same program,
so removing one leaves others intact.

Results. Figure 1 shows that ProgNet achieves overall the best
balance between accuracy and fidelity for the datasets. In the figure,
the x-axis represents the accuracy (higher is better) and the y-
axis represents the fidelity (lower is better). The black triangles
show the performance of ProgNet. The green squares and purple
diamonds show the performance of the baselines PL4XGL and
GSAT, respectively. The blue circles and orange pentagons show
the performance of the baselines SubgraphX and OrphicX with
GNNs, respectively.

Compared to PL4XGL, ProgNet achieves equal or better ac-
curacy for all the datasets. In NCI1, PTC, and Mutagenicity, for
example, ProgNet achieves far better accuracy than PL4XGL. This
is because PL4XGL is unable to leverage the power of neural net-
works; ProgNet shows substantially better accuracy than PL4XGL.

Compared to SubgraphX andOrphicX (withGNNs), ProgNet is
more accurate and provides overall more faithful explanations. First,
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Figure 3: Program contributions to classifying graphs as label
1 in the MUTAG dataset
the baselines are post-hoc techniques that explain after GNNs’ pre-
dictions; thus, they cannot be more accurate than GNNs. However,
ProgNet enhances the accuracy of GNNs by using a high-quality
vocabulary that helps predictions. Also, traditional GNNs are consid-
ered black-box models; providing faithful explanations is inherently
difficult. However, the predictions of ProgNet can be explained
by tracing the usage of the vocabulary; ProgNet provides better
explanations (i.e., better fidelity) than SubgraphX.

Except for the BBBP dataset, ProgNet achieves overall better
performance thanGSAT. Themain difference between ProgNet and
GSAT is that ProgNet uses GDL programs while GSAT uses impor-
tant subgraphs (e.g., important edges) in the predictions. We note
that the graph pattern description language GDL is more expres-
sive than subgraphs used in GSAT: a program is a set of subgraph
patterns. This expressiveness gap leads ProgNet to achieve over-
all better performance than GSAT for the datasets. The detailed
accuracy and fidelity comparison is presented in Appendix A.

4.2 Qualitative Analysis of ProgNet
Now, we discuss the interpretability of ProgNet. For illustration,
we use interpretation results on the real-world dataset MUTAG.

Dataset-level interpretation. We first examine how the programs
in the vocabulary contribute to predictions across the test set. Fig-
ure 3 shows how the programs in the vocabulary contribute to
classifying the test graphs as label 1 (the molecule is a mutagen). In
the dataset, ProgNet classified 11 graphs (𝐺0, . . . ,𝐺10 in Figure 3)
into label 1 and the vocabulary Q contains 23 programs (𝑃0, . . . , 𝑃22
in Figure 3). In Figure 3, the x-axis (resp., y-axis) represents the
programs in the vocabulary (resp., the test graphs). Each cell depicts
the contribution (i.e., 𝑒𝑃 (𝐺𝑖 ) · (v⊤𝑐 h𝑃 ) · (h

⊤
𝐺𝑖
Wh𝑃 )) of the program to

the classification of the graph as label 1. Red cells indicate positive
contributions toward label 1, while blue cells indicate negative con-
tributions. As the figure shows, program 𝑃0 serves as dataset-level
evidence for label 1: it consistently and predominantly contributes
to the classification of 10 out of 11 graphs. That is, understanding
the pattern 𝑃0 can lead to a global understanding of the classifica-
tions into label 1.

To this end, we can inspect the graph pattern described by 𝑃0.
The following is a graphical representation of 𝑃0:
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Figure 4: Overall program contribution for classifying 𝐺0
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Figure 7: Two matching subgraphs of program 𝑃0
node v0 ⟨[0.0, 6.0]⟩

node v1 ⟨[0.0, 0.0]⟩

node v2 ⟨[0.0, 6.0]⟩

node v3 ⟨[0.0, 6.0]⟩

node v4 ⟨[0.0, 6.0]⟩

node v5 ⟨[0.0, 6.0]⟩

node v6 ⟨[0.0, 6.0]⟩ node v7 ⟨[0.0, 6.0]⟩

node v8 ⟨[0.0, 6.0]⟩

For simplicity, we replace edge variables with graphical edges be-
tween nodes (node variables). The black-colored edges represent
the edge variable with interval ⟨[0, 3]⟩ while the red-colored edges
represent the edge variable with interval ⟨[0, 0]⟩. In the MUTAG
dataset, nodes with feature vectors ⟨0⟩, ⟨1⟩, . . . , and ⟨6⟩ correspond
to carbon (C), nitrogen (N), . . . , and bromine (Br), respectively; the
node variables with interval ⟨[0, 6]⟩ can be matched to any of these
atoms. The edge variables with interval ⟨[0, 3]⟩ can be instantiated
as aromatic, single, double, or triple bonds.

To quantitatively assess the importance of 𝑃0, we also measured
the accuracy when 𝑃0 was removed from the vocabulary. We ob-
served that removing the 𝑃0 from the vocabulary drops the accuracy
from 1.0 to 0.55, confirming that 𝑃0 indeed captures the essential
evidence.
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Instance-level interpretation. Next, we zoom into a single graph
𝐺0 to examine how individual programs contribute to its classifica-
tion. Figure 4 shows that the first program 𝑃0 leads to the classifi-
cation of the graph as label 1. The remaining programs (except the
last one) do not contribute because they are not activated for this
graph (i.e., 𝑒𝑃 (𝐺𝑖 ) = 0), meaning 𝐺0 does not match their patterns.

The contribution of each program can be further decomposed
into two factors: the program–label affinity (v⊤𝑐 h𝑃 ), shown in Fig-
ure 5, and the program–graph interaction (h⊤

𝐺𝑖
Wh𝑃 ), shown in

Figure 6. From these two figures, we observe that 𝑃0 has a negative
affinity with label 1 and a negative interaction with 𝐺0; these two
negatives multiply to yield a high positive contribution. This shows
that ProgNet’s reasoning goes beyond simple rules such as “if a
program matches, add a positive weight.” Instead, contributions are
determined by signed interactions among the program, the input
graph, and the target label. This flexibility is actually a strength. A
program can contribute positively or negatively to the same label,
depending on the sign of its interaction with the input graph.

In the test graph 𝐺0, the concrete subgraphs that match 𝑃0 can
also be examined. For example, Figure 7 shows two such subgraphs.
In the MUTAG dataset, carbon rings and NO2 groups are known to
be associated with mutagenicity (label 1) [2, 17], and the program
𝑃0 captures parts of both patterns within a single program.

We also verify on the synthetic dataset BA-2Motifs that ProgNet pro-
vides high-quality subgraph explanations that exactly capture the
motifs corresponding to the labels; we present these results in Ap-
pendix B.

4.3 Adequacy of Our Vocabulary Construction
Now, we show that our vocabulary construction procedure achieves
high coverage and diversity. To this end, we compare our approach
against two alternatives: using all generated programs and using
the top-k program selection strategy discussed in Section 3.4.

Coverage Comparison. Figure 8 shows the coverage of each vocab-
ulary construction strategy on the test graphs. The x-axis shows the
fraction of selected programs (i.e., |Q|/|P|), and the y-axis shows
the coverage (i.e., the fraction of test graphs satisfied by at least
one program in the vocabulary). The blue circles represent the “All”
strategy (using all candidate programs), denoting the maximum
possible coverage at 𝑥 = 1.0. The red triangles and green squares
represent the “Top-k” strategy and our approach, respectively.

As the plots show, our vocabulary achieves high coverage with
a compact size. Across most datasets (except PTC), our approach
matches the “All” strategy’s coverage using only 20% or fewer of
the candidate programs. In our approach, the main bottleneck is
the program mining process, and the result suggests ProgNet can
reduce the program mining cost by about 80% if we mine only the
actually collected candidate programs. We discuss the detailed anal-
ysis of cost in Appendix C. Compared to “Top-k”, our vocabulary
achieves significantly higher coverage. For example, on Mutagenic-
ity, our vocabulary achieves 0.99 coverage while “Top-k” achieves
only 0.38.

Diversity Comparison. We measure vocabulary diversity using
pairwise Jaccard diversity. For each program 𝑃 in a vocabularyQ, let
𝑀𝑃 denote the set of test graphs that satisfy 𝑃 , i.e.,𝑀𝑃 = J𝑃K ∩ G𝑡𝑒
where G𝑡𝑒 is the set of test graphs. For two programs 𝑃 and 𝑃 ′, their

Table 1: Diversity of programs
PROTEINS BBBP MUTAG BA2Motif

Top-k 0.77 0.64 0.0 0.48
All 0.66 0.81 0.76 0.67
Ours 0.85 0.9 0.86 0.8

Mutagenicity PTC BACE NCI1

Top-k 0.4 0.79 0.71 0.94
All 0.82 0.85 0.9 0.94
Ours 0.84 0.85 0.95 0.88

Jaccard similarity is defined as

𝐽 (𝑃, 𝑃 ′) = |𝑀𝑃 ∩𝑀𝑃 ′ |
|𝑀𝑃 ∪𝑀𝑃 ′ |

. (4)

Intuitively, 𝐽 (𝑃, 𝑃 ′) is large when two programs tend to cover the
same test graphs. We define the pairwise Jaccard diversity of Q as
the average dissimilarity across all program pairs:

Div(Q) = 1 − 1
|Q|( |Q| − 1)

∑︁
𝑃,𝑃 ′∈Q
𝑃≠𝑃 ′

𝐽 (𝑃, 𝑃 ′). (5)

Higher values of Div(Q) indicate that programs cover more distinct
subsets of test graphs (i.e., lower overlap), and thus the vocabulary
is more diverse.

Table 1 shows the diversity of each vocabulary construction
strategy, where the best value is boldfaced. In Table 1, our vocab-
ulary achieves the best diversity except for NCI1. In the MUTAG
dataset, for instance, the diversity of the Top-k strategy is 0, mean-
ing that all the programs in the vocabulary cover the same test
graphs. However, our strategy achieves the best diversity of 0.86
with the same vocabulary size. This demonstrates that our vocabu-
lary construction strategy is also effective at achieving vocabulary
diversity.

4.4 Comparison under Matched Model Capacity
To show that the effectiveness of ProgNet is not due to model ca-
pacity, we compare ProgNet against GIN and GCN under matched
model capacity. Specifically, we re-train GIN and GCN with the
number of parameters matched to ProgNet within ±3% (i.e., 100 ×
#params(GCN or GIN)/#params(ProgNet) ∈ [97%, 103%]).

Table 2 reports the accuracy of GIN, GCN, and ProgNet under
matched model capacity. As the table shows, ProgNet still achieves
overall the best accuracy. This indicates that the accuracy gain of
ProgNet is not attributable to model capacity, but rather to its
program-grounded evidence composition.

4.5 Extension to Multi-Class Classification
ProgNet extends to multi-class settings. To empirically validate
this, we additionally evaluate ProgNet on the ENZYMES dataset,
a graph classification benchmark with six labels. Table 3 reports
the results. ProgNet achieves 64.6% accuracy, which is competi-
tive with the neural network-based baselines (e.g., GCN at 65.9%
and GIN at 64.3%) and substantially better than the interpretable
baseline PL4XGL (50.0%).
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Figure 8: Coverage comparison of the three vocabularies over test graphs. The x-axis presents the portion of programs collected
from the candidate programs. The y-axis presents the portion of test graphs that satisfy at least one program in the vocabulary.
Table 2: Accuracy comparison under matched model capacity. The number of parameters of GIN and GCN is matched to that of
ProgNet within ±3%.

NCI1 PTC MUTAG BA-2Motifs PROTEINS BBBP BACE Mutagenicity

GIN 78.4 ± 1.0 64.1 ± 4.5 92.0 ± 3.9 99.4 ± 0.4 58.2 ± 9.6 86.7 ± 0.6 79.4 ± 1.4 79.6 ± 0.5
GCN 77.9 ± 0.7 69.9 ± 5.5 90.0 ± 0.0 99.8 ± 0.3 70.9 ± 2.3 83.6 ± 1.9 78.8 ± 1.5 79.8 ± 0.7

ProgNet 81.5 ± 0.8 72.3 ± 3.8 100.0 ± 0.0 100.0 ± 0.0 71.1 ± 2.7 86.7 ± 1.7 82.8 ± 1.4 79.7 ± 0.5
Table 3: Accuracy comparison on the ENZYMES dataset (six
classes).

GIN GCN GAT PL4XGL GSAT ProgNet

64.3 ± 3.4 65.9 ± 3.0 60.0 ± 5.2 50.0 ± 0.0 54.2 ± 6.5 64.6 ± 4.2

5 Limitations
Though ProgNet achieves competitive accuracy and superior in-
terpretability, it has several limitations.

Vocabulary Construction. ProgNet constructs its vocabulary Q
(Section 3.4) prior to, and independently of, the neural training stage.
Vocabulary selection is driven solely by the reliability-coverage-
diversity objective without direct feedback from the train loss. This
could remove programs from the vocabulary that are actually use-
ful for the downstream task, leading to suboptimal performance.
Ideally, the vocabulary should be selected in a way that maximizes
the downstream task performance. A jointly optimized alternative
that selects programs and trains the network end-to-end could re-
cover useful programs that the coverage-only objective filters out.
A fully end-to-end joint optimization of vocabulary and network is
an interesting direction for future work.

Also, our vocabulary construction (Algorithm 1) is a heuristic
greedy procedure. It does not guarantee an optimal solution to the
reliability-coverage-diversity objective. Using a more sophisticated
selection strategy could potentially achieve better vocabularies.

Preprocessing Cost. The main practical bottleneck of ProgNet is
the program-mining stage. For instance, about 270 minutes are
required to mine candidate programs in the Mutagenicity dataset.
However, as we showed, only a small fraction of the candidate
programs are needed to achieve qualified vocabularies; developing
a clever mining strategy that only targets this small fraction of
programs could substantially reduce the cost.

Interpretability Validation. We do not validate the “human-
interpretable” claim through a user study or an expert evaluation.
In this paper, we claim that program-level evidence is more human-
interpretable than the opaque representations of standard GNNs,
and we support this claim through qualitative analyses (Section 4.2
and Appendix B). A formal human-subject evaluation, ideally in-
volving domain experts, would more rigorously substantiate the
interpretability claim.

6 Conclusion
In this paper, we presented ProgNet, a declarative program evidence-
based framework that addresses the longstanding challenge of
achieving both high accuracy and interpretability in graph classifi-
cation. Our framework represents graphs through a shared vocabu-
lary of human-interpretable graph patterns written in a high-level
programming language, enabling predictions to be decomposed
into program-level contributions. Extensive experiments demon-
strate that ProgNet achieves competitive accuracy compared to
state-of-the-art GNNs while consistently providing high-quality
explanations. We believe this work opens a promising direction for
interpretable graph machine learning that combines the strengths
of neural networks and programming languages, with potential
applications in drug discovery, molecular property prediction, and
other domains where both accuracy and explainability are essential.
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Appendix
A Accuracy and Fidelity Comparison
Table 4 presents the accuracy comparison results, with the best-
performing models for each dataset highlighted in bold. Follow-
ing prior work [22], we report the 95% confidence intervals over
five runs. In the table, the rows represent different models and
the columns represent different datasets. As shown in Table 4,
ProgNet achieves overall competitive accuracy. ProgNet achieves
the best accuracy for all datasets except for BBBP. In the BBBP
dataset, ProgNet achieves the second-best accuracy.

Table 5 compares the fidelity scores (lower is better) with 95%
confidence intervals over five runs. As the fidelity score can vary
depending on the chosen explanation size (e.g., user-defined thresh-
old) except for PL4XGL, we measure the fidelity score matching the
explanation size of PL4XGL. As the table shows, ProgNet achieves
competitive Fidelity scores.
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Table 4: Accuracy comparison on the eight graph classification datasets.
NCI1 PTC MUTAG BA-2Motifs PROTEINS BBBP BACE Mutagenicity

GIN 79.5 ± 7.9 58.8 ± 7.3 93.0 ± 3.4 100.0 ± 0.0 66.1 ± 4.2 86.5 ± 0.1 81.4 ± 4.0 79.1 ± 0.1
GCN 78.3 ± 7.5 69.9 ± 7.3 84.0 ± 1.1 100.0 ± 0.0 71.0 ± 1.4 85.0 ± 0.8 78.1 ± 4.3 79.1 ± 3.8
GAT 64.3 ± 7.2 57.0 ± 7.7 75.0 ± 0.0 85.4 ± 7.5 68.3 ± 4.3 83.7 ± 0.8 64.6 ± 1.3 68.7 ± 1.6

PL4XGL 72.7 ± 0.0 67.6 ± 0.0 100 ± 0.0 100 ± 0.0 62.1 ± 0.0 86.3 ± 0.0 82.2 ± 0.0 76.9 ± 0.0
GSAT 72.0 ± 1.2 67.0 ± 2.1 87.0 ± 4.9 100.0 ± 0.0 71.1 ± 0.7 87.2 ± 0.7 78.1 ± 1.2 73.6 ± 1.5

ProgNet 81.5 ± 0.8 72.3 ± 3.8 100.0 ± 0.0 100.0 ± 0.0 71.1 ± 2.7 86.7 ± 1.7 82.8 ± 1.4 79.7 ± 0.6
Table 5: Fidelity score comparison on the eight graph classification datasets.

Method NCI1 PTC MUTAG BA-2Motifs PROTEINS BBBP BACE Mutagenicity

PL4XGL 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0
GSAT 0.25 ± 0.05 0.16 ± 0.09 0.31 ± 0.03 0.52 ± 0.0 0.61 ± 0.11 0.16 ± 0.08 0.30 ± 0.03 0.25 ± 0.06
OrphicX 0.42 ± 0.04 0.21 ± 0.04 0.15 ± 0.05 0.48 ± 0.0 0.56 ± 0.0 0.16 ± 0.0 0.40 ± 0.02 0.39 ± 0.01
SubgraphX 0.17 ± 0.0 0.14 ± 0.01 0.5 ± 0.0 0.21 ± 0.01 0.67 ± 0.01 0.18 ± 0.0 0.48 ± 0.0 0.35 ± 0.01

ProgNet 0.06 ± 0.11 0.02 ± 0.01 0.01 ± 0.01 0.0 ± 0.0 0.4 ± 0.12 0.19 ± 0.03 0.20 ± 0.04 0.18 ± 0.03
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Figure 9: Example graphs in BA-2Motifs dataset.
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B Explanations in the Synthetic Dataset
In this section, we present the subgraph explanations provided by
ProgNet on the synthetic dataset BA-2Motifs, which is designed to
evaluate explanation quality [11]. In this dataset, each node feature
is its degree (e.g., a node with degree 3 has feature ⟨3.0⟩). The
dataset has two labels (0 and 1), each determined by the presence
of a specific motif. Figures 9a and 9b show example graphs. Label 1
corresponds to a house-shaped motif (Figure 9a) with five nodes:
one roof node, two middle nodes (connected to each other), and two
bottom nodes. One middle node connects to a randomly generated
Barabási-Albert graph. Label 0 has a similar five-node structure,
but the two middle nodes are not connected. The intuition behind
this experiment is that if a model achieves high accuracy, it must
have identified and used the key structures (i.e., the motifs) to
make predictions [32]. Therefore, a correct explanation should also
capture the motifs that the model has used for classification.

Figure 10 shows the subgraph explanations for a classification
to label 1 generated by the four methods ProgNet, SubgraphX,
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Figure 11: Explanations for graphs classified into label 0

PL4XGL, and GSAT. As the figure shows, all four methods success-
fully identify the motif. ProgNet (Figure 10a) exactly matches the
five-node motif. SubgraphX (Figure 10b, bolded edges) captures the
complete motif. PL4XGL (Figure 10c) identifies the key structural
pattern of the motif of label 1. GSAT (Figure 10d) also correctly
identifies the house-shaped motif of label 1.

Figure 11 shows the subgraph explanations for a classification
to label 0. Again, all four methods successfully identify the motif:
ProgNet (Figure 11a) precisely captures the five-node structure,
SubgraphX (Figure 11b) includes the complete motif, PL4XGL (Fig-
ure 11c) captures the structural pattern of the motif, and GSAT cor-
rectly identifies the motif of label 0.

C Cost Comparison
Table 6 presents the costs of the four techniques on the eight
datasets (in minutes). The “Preprocessing” rows report the cost
of the program-mining process. GNN+SubgraphX and GSAT do
not include program mining, so their preprocessing cost is 0. The
rows “Training”, “Classification”, and “Explanation” show the cost
of training (including matching of programs to graphs and vocabu-
lary selection), classification, and explanation, respectively. “Total”
shows the sum of the training, classification, and explanation costs.

As shown in Table 6, the main bottleneck of ProgNet is the
program-mining process. For example, ProgNet would cost much
less if the program-mining process is excluded. We note that the
program-mining cost can be reduced by about 80%, as discussed
in Section 4.3, since ProgNet uses only a small portion of the
mined programs. Mining only the necessary programs will make
ProgNet significantly more scalable, and it is a promising direction
for future work.
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Table 6: Cost comparison among GNN+SubgraphX, PL4XGL, GSAT, and ProgNet in minutes.
GNN+

SubgraphX PL4XGL GSAT ProgNet
GNN+

SubgraphX PL4XGL GSAT ProgNet

M
U
TA

G

Preprocessing 0.0 4.1 0.0 4.1

BB
BP

Preprocessing 0.0 8.9 0.0 8.9
Training 0.2 0.1 0.8 0.1 Training 0.2 0.1 2.8 0.5
Classification 0.1 0.1 0.1 0.1 Classification 0.1 0.8 0.1 0.1
Explanation 60.1 0.0 0.1 0.1 Explanation 160.9 0.0 0.2 0.5

Total 60.4 4.3 1.0 4.4 Total 161.2 9.8 3.1 10

M
ut
ag
en
ic
ity Preprocessing 0.0 273.1 0.0 273.1

BA
CE

Preprocessing 0.0 14.3 0.0 14.3
Training 0.2 0.1 6.2 1.5 Training 0.2 0.1 2.2 0.3
Classification 0.1 27.2 0.2 0.1 Classification 0.1 3.9 0.2 0.1
Explanation 604.5 0.0 0.3 4.8 Explanation 136.0 0.0 0.3 0.9

Total 604.8 300.4 6.7 279.5 Total 136.3 18.3 2.7 15.6

PR
O
TE

IN
S Preprocessing 0.0 74.1 0.0 74.1

N
CI
1
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Figure 12: Sparsity-fidelity balance across the eight benchmarks. For the x-axis, higher values indicate simpler explanations.
For the y-axis, lower values indicate more faithful explanations.
D Balance between Sparsity and Fidelity
Figure 12 shows how the balance between sparsity and fidelity
changes on the eight datasets. In the figure, the x-axis represents
the Sparsity measuring the simplicity of the explanations defined
as follows:

Sparsity =
1
𝑁

𝑁∑︁
𝑖=1
(1 − |𝑚𝑖 |

|𝑀𝑖 |
) (higher is better)

where 𝑁 is the number of explained classifications, |𝑚𝑖 | indicates
the number of nodes in the explanation subgraph, and |𝑀𝑖 | indicates

the number of nodes in the original graph. In Sparsity, higher is
better, implying greater simplicity.

As the figure shows, ProgNet achieves overall competitive bal-
ance between Sparsity and Fidelity. In the datasets BA-2Motifs,
BACE, PTC, and NCI1, for example, ProgNet achieves overall the
second-best fidelity after PL4XGL, which is inherently designed to
achieve optimal Fidelity.
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