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Abstract

Graph generation plays a pivotal role across numerous do-
mains, including molecular design and knowledge graph con-
struction. Although existing methods achieve considerable
success in generating realistic graphs, their interpretability re-
mains limited, often obscuring the rationale behind structural
decisions. To address this challenge, we propose the Neu-
ral Graph Topic Model (NGTM), a novel generative frame-
work inspired by topic modeling in natural language pro-
cessing. NGTM represents graphs as mixtures of latent top-
ics, each defining a distribution over semantically meaning-
ful substructures, which facilitates explicit interpretability at
both local and global scales. The generation process transpar-
ently integrates these topic distributions with a global struc-
tural variable, enabling clear semantic tracing of each gen-
erated graph. Experiments demonstrate that NGTM achieves
competitive generation quality while uniquely enabling fine-
grained control and interpretability, allowing users to tune
structural features or induce biological properties through
topic-level adjustments.

Introduction

Graph generation is a fundamental task with diverse appli-
cations—including molecular design (Tian et al. 2025) and
relational data modeling (Sun et al. 2019, 2024). While gen-
erating valid and accurate graphs is essential, understanding
the underlying generative process and explaining structure
formation is equally crucial (Kumar et al. 2025). This sig-
nificance is particularly evident in high-stakes applications
like drug discovery (Zheng et al. 2024), where generation
process interpretability builds trust, enables rational design,
and supports downstream scientific analysis (Sun et al. 2021;
Sun, Zhu, and Xiong 2025; Ji et al. 2025; Sun et al. 2025).
Despite its importance, interpretability remains a major
challenge in existing graph generation models (Zhang et al.
2023; Liu et al. 2023). Sequential methods, such as the
auto-regressive model Graph Generative Pre-trained Trans-
former (G2PT) (Chen et al. 2025) and the reinforcement
learning-based model ExSelfRL (Wang and Zhu 2025), gen-
erate graphs step-by-step by incrementally adding nodes and
edges. While their procedures are explicit, the underlying
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decisions depend heavily on hidden states, making semantic
interpretation difficult. In contrast, models based on VAEs
like DAVA (Hou et al. 2024) and GANs like ConfGAN (Xu
et al. 2025) generate entire graphs from latent representa-
tions in a single forward pass, while diffusion-based models
like ConStruct (Madeira et al. 2024) iteratively refine graphs
from random noise. Although these methods achieve strong
performance and capture complex distributions, their latent
spaces are often opaque and unaligned with interpretable
graph components. As a result, they struggle to provide in-
sights into the reasoning behind generated graphs.

Graphs are often composed of key substructures that de-
fine their topology and functionality (Kengkanna and Ohue
2024). For example, molecular graphs contain recurring
building blocks like functional groups or rings, which are
essential to their structural diversity and chemical behav-
ior (Jin, Barzilay, and Jaakkola 2018). Explicitly model-
ing these substructures improves the quality and diversity
of generated graphs while uncovering hidden patterns that
reveal new domain knowledge (Kong et al. 2022). Addi-
tionally, this approach enhances generation transparency, en-
ables precise control over substructure inclusion, and en-
sures generated graphs align with real-world characteristics.

However, achieving interpretable graph generation re-
mains challenging. Post hoc methods analyze latent fea-
tures or learned representations after generation to identify
meaningful patterns in graphs (Guo et al. 2020). While use-
ful, these approaches do not influence the generative pro-
cess itself, leaving the reasoning behind structural decisions
untraceable. Some generative models construct molecular
graphs from substructures (Kong et al. 2022). Although ef-
fective in improving validity and modularity, these methods
have two key limitations: (1) they often struggle to automat-
ically discover and organize previously unseen substructures
into coherent semantic units; and (2) they often lack a uni-
fied, transparent narrative of the generation process, making
it difficult to trace the relationships and contributions of in-
dividual substructures to the overall graph. Moreover, such
reliance on predefined substructures can constrain genera-
tive flexibility and hinder the discovery of novel structures.

To address these challenges, we propose the Neural Graph
Topic Model (NGTM), a novel interpretable generative
framework inspired by topic modeling techniques in natural
language processing (Blei, Ng, and Jordan 2003). NGTM



models graphs as mixtures of latent topics, with each topic
corresponding to a distinct distribution over interpretable
graph substructures (e.g., rings, motifs, functional groups
in molecular). By explicitly extracting reusable structural
units and organizing them into semantically coherent topics,
NGTM achieves clear semantic organization in graph gener-
ation. Based on the topics, the generation process in NGTM
is transparent and traceable, comprising three clear steps: (1)
sampling a topic mixture to define the semantic profile of
the target graph; (2) sampling relevant substructures based
on these sampled topics; and (3) assembling these substruc-
tures under learned structural constraints to form a coher-
ent graph, thus integrating both local interpretability (via
explicit substructures) and global interpretability (via topic
mixtures) in a unified and transparent way.

Experiments reveal that NGTM not only achieves com-
petitive generation quality but, more importantly, pioneers
a new level of interpretability and controllability in graph
generation. The learned topics align robustly with meaning-
ful structural and functional classes, providing a clear se-
mantic basis. By adjusting these topics, NGTM enables con-
tinuous and fine-grained control over key graph properties,
allowing the generation process to be precisely steered to-
ward desired outcomes. Our contributions are summarized
as follows: (1) We propose the first transparent and inter-
pretable graph generation framework applicable to general
graph structures. (2) We introduce topic modeling principles
to graph generation, enabling interpretable structural model-
ing. (3) Experiments show NGTM generates realistic graphs
while providing clear traceability of the generation process.

Related Work

Graph Generation: Over the past decade, significant ef-
forts have been dedicated to advancing graph generation
techniques (Gong et al. 2025; Minello et al. 2024). These
models have provided robust frameworks for generating re-
alistic and diverse graphs. However, many of these meth-
ods function as black boxes, making it difficult to under-
stand or interpret how specific graph structures are gener-
ated. Existing efforts toward interpretability in graph gen-
eration have primarily focused on disentanglement-based
methods (Guo et al. 2020; Li et al. 2020; Du et al. 2022),
which aim to learn latent factors aligned with controllable
aspects of graphs, such as node or edge attributes. These
approaches provide insight into global properties but often
fail to explain the step-by-step structure-building process. In
parallel, some methods explore substructure-based genera-
tion. JT-VAE (Jin, Barzilay, and Jaakkola 2018) assembles
molecules from chemically valid fragments using junction
trees, while PS-VAE (Kong et al. 2022) leverages frequently
occurring subgraphs as building blocks. Although these
methods enhance generation quality and modularity, they
are not designed for interpretability and do not explain why
or how substructures are selected and composed. In contrast,
NGTM uniquely introduces a topic modeling perspective
that organizes substructures into semantically meaningful
topics. This provides not only local interpretability through
explicit substructures but also global coherence through in-
terpretable topic distributions. Our model offers a transpar-
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ent generative narrative: each graph is generated by first
sampling topic mixtures (explaining the “why”), then select-
ing substructures governed by these topics (explaining the
“what”), and finally assembling them under structural guid-
ance (explaining the “how”).

Topic Modeling and Neural Topic Models: Topic mod-
eling is a foundational NLP technique that uncovers latent
semantic structures in text corpora (Shen et al. 2021a,b).
Classical models like LDA (Blei, Ng, and Jordan 2003) treat
documents as mixtures of topics, where each topic repre-
sents a distribution over words (Shen et al. 2018). Neural
topic models, including NVDM (Miao, Yu, and Blunsom
2016) and contextualized topic models (Bianchi, Terragni,
and Hovy 2020), extend these approaches using neural net-
works to learn more flexible topic representations. While
widely adopted in textual domains, topic modeling has been
underexplored for graph generation. Most prior work fo-
cuses on community detection or node classification (Xie
et al. 2021) rather than generation. We argue that graphs ex-
hibit naturally compositional structures—substructures like
rings and chains resemble “words” while entire graphs re-
semble “documents” composed from semantic components.
NGTM framework adopts this analogy by modeling graphs
as mixtures of latent substructure topics, enabling both
structural quality and interpretability in generation. To our
knowledge, NGTM is the first to integrate topic modeling
principles into graph generation.

Neural Graph Topic Model

In this section, we begin by outlining the NGTM generation
process, followed by a description of the model architecture
and the substructure assembly process. Finally, we detail the
inference procedure and the loss function.

Substructure-based Graph Generation Process

Graphs can be viewed as compositions of structural motifs
or substructures, each originating from a semantically mean-
ingful latent topic. For example, molecular graphs typically
contain interpretable substructures like rings, chains, and
functional groups that frequently co-occur. To explicitly cap-
ture this structural diversity, we propose NGTM, a novel and
interpretable generative approach that models graph struc-
tures as assemblies of substructures sampled from a set of la-
tent topics. Specifically, we assume there are K latent topics,
each topic defines a Gaussian distribution over latent em-

beddings of substructures, denoted as ® = N (u*, ok)szl.
These distributions are parameterized and learned through
a Conditional Variational Autoencoder (CVAE) (Sohn, Lee,
and Yan 2015), with topics serving as conditioning vari-
ables during training. Such a design enables the generation
of diverse and potentially novel substructures without re-
lying on a predefined substructure vocabulary. Latent vec-
tors sampled from these topic-specific distributions are de-
coded into adjacency matrices representing meaningful sub-
graphs. To govern the semantic composition, we introduce
a latent variable drawn from N (u?, o%), transformed via
softmax into a topic proportion vector #. This vector di-
rects the topic selection for substructure generation, ensur-
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Figure 1: Overview of the NGTM framework for interpretable graph generation. (a) The probabilistic graphical model of
NGTM. (b) Training phase: NGTM infers topic mixtures from real graphs and discovers semantically meaningful substructure
topics, enabling reconstruction through interpretable latent factors. (c—e) Generation phase: (c) Multinomial sampling from
6 assigns each substructure to a topic, and the corresponding latent vectors are decoded into interpretable substructures. (d)
Mapping matrices determine how substructures are softly aligned and integrated into the growing graph. (e) Visualization of
the sequential assembly process guided by global structure vectors. (f) Example of controllable generation: adjusting topic

proportions modifies graph semantics.

ing semantic coherence in the resulting graph. Additionally,
we introduce a global structural variable g ~ N(u9,09)
to capture high-level topological properties such as density,
connectivity, and overall layout. This global guidance en-
sures that the final assembled graph is coherent, realistic,
and structurally sound. The NGTM generative framework
is outlined in Fig. 1, where Fig. 1(a) shows the probabilis-
tic graphical representation detailing the relationships be-
tween latent variables involved in the generation process.
Fig. 1(b) illustrates the training phase, during which NGTM
learns topic mixtures from observed graphs and organizes
substructures into semantically coherent topics to support
interpretable reconstruction. Fig. 1(c) to (e) depict the gen-
eration process: (c) shows how topic assignments are first
drawn from the sampled topic proportion vector 6, and cor-
responding substructures are generated by sampling latent
vectors from the assigned topic-specific distributions. (d) de-
picts the construction of soft mapping matrices for each sub-
structure under the guidance of the global structural vector
g, determining how substructures are integrated into the cur-
rent graph. (e) visualizes the step-by-step assembly of the
full graph by sequentially merging substructures according
to the learned mappings and global structural constraints.
Fig. 1(f) demonstrates controllable generation, where adjust-
ing topic weights results in interpretable changes to graph-
level properties, such as reducing diameter or altering pre-
dicted class labels. The full generative process of NGTM
can be summarized in the following three stages:
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1. Global and semantic initialization:

(a) Sample latent semantic vector 2/ ~ N(pu?, %) and
derive topic proportion vector # = softmax(z?). (b) Sample
global structural guidance vector g ~ N (9, 09).

2. Substructure generation loop (forw =1,..., W):

(a) Select topic ¢,, ~ Multinomial(6). (b) Generate la-
tent substructure vector z,, ~ N (pF=¢w gF=cw) and de-
code substructure s,,.

3. Final assembly: Combine substructures and global
guidance: G = f(s1, 82,...,5w,9).

NGTM Architecture

The NGTM framework is designed to learn topic distri-
butions, substructure distributions, and a global structural
prior from training data, while also learning how to as-
semble substructures into complete graphs. As illustrated in
Fig. 2, NGTM consists of several key components: the Topic
Encoder, Structure Encoder, Global Encoder, Structure De-
coder, Node Position Encoder, and Mapping Network.

Encoder Module: NGTM uses three encoders to ex-
tract topic semantics, substructure-level patterns, and global
structure context. The Topic Encoder and Global Encoder
process the full graph G and output the parameters of corre-
sponding Gaussian distributions via MLPs:

12, 0% = MLP(Encropic(G)), 12, 09 = MLP(Encgiopa (G)).

To model topic-specific substructure priors, NGTM employs
Conditional VAEs (Sgnderby et al. 2016). Each graph G is
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Figure 2: The Overview of NGTM Architecture.

encoded by the Structure Encoder and concatenated with a
one-hot topic vector oy. The result is passed through MLPs
to produce: (¥, 0% = MLP(Encsyeture (G) @ or). Here, the
topic vector acts as a control signal, guiding the model to
learn distinct distributions over structural motifs for each
topic. The reparameterization trick (Kingma and Welling
2013) enables gradient-based optimization.

Decoder Module: Each sampled substructure vector
zF=¢w is concatenated with its topic one-hot vector and de-
coded as follows: s,, = SD(2*¥=¢»@oy,—., ). This condition-
ing ensures that each generated substructure is semantically
linked to a specific topic, enhancing interpretability.

Substructure Assembly Module: Each substructure s,,
consists of up to n nodes and is represented by an ad-
jacency matrix A, . The graph is constructed by itera-
tively assembling W substructures. At each step w, the
current graph state G,_1, the substructure s,,, and the
global structure vector g are input into the Node Position
Encoder to produce a Node Position Encoding : p,, =
NPE(sy, Gw—1,9)- This encoding is fed into the Mapping
Network to generate a softmax-normalized mapping matrix:
my = Softmax(MN(py)). The matrix m,, softly aligns
nodes in s,, with positions in the current graph. The adja-
cency matrix is updated as: A, = A,,_1+mZ A, m,,. This
soft assignment enables flexible integration of substructures
while preserving a traceable correspondence between each
motif and its position in the graph, reinforcing transparency
throughout the generation process.

Inference and Optimization

We introduce latent variables Z {2924, 2K 29}
to capture various aspects of the graph (. These latent
variables are sampled from the distributions N (u?, o?),

N (uk, a’j)szl and NV (p4, 09), which are learned using the
NGTM framework with parameters ¢. To optimize the pa-
rameters ¢, we employ variational inference (Blei, Kucukel-
bir, and McAuliffe 2017), which minimizes the Kullback-

z
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Leibler (KL) divergence. This is equivalent to maximizing
the Evidence Lower Bound (ELBO):

log p(G) = ELBO = E,, [logp(G | Z)] = Dxrlae(Z1G)l|p(2)].
1
In this equation, Ey, [logp(G | Z)] represents the recon-
struction term, assessing how effectively the latent variable
Z reconstructs the graph G. The term Dk1,[¢4(Z|G)||p(2)]
measures the divergence between the variational approxi-
mation and the true prior distribution. We assume the la-
tent variables Z = {2% 2% ... 2% 29} are independent.
Consequently, the variational posterior can be factorized as
K
102 | @) = 40" | O)TTE, 46" | Caal=? | G).
Similarly, the prior distribution can be factored as p(Z) =
p(z?) [T, p(z%)p(29). The KL divergence is then calcu-
lated as:

DxLlgo(Z1G)lIp(2)] = Dxwlas(2°|G)llp(="))+

X 2
> Dxelas(2*1@)|Ip(=")] + Dxlas (21G)|Ip(=%))-
k=1

Loss Function Combining Equations 1 and 2, the loss
function of NGTM consists of a reconstruction loss and
(K +2) KL divergence losses. We set the prior for both topic
distribution and global structure distribution to a standard
normal distribution (0, ), so LY = Dxr[N(u?,0?) ||
N(O.I)] and £y = DieN(u2,02) || N(0,1). The
prior for the K substructure distributions is defined by
the learnable parameters p* and o*. Each substructure
distribution is weighted by the K-dimensional vector 2%,
resulting in the following KL divergence term: L&
S 2DRLIN (uF, o%) || N(uF, o). For the recon-
struction loss, we employ the micro-macro loss (Zahirnia
et al. 2022). The micro loss captures local properties of the
training graph, such as node-level or pairwise properties.
While the macro loss captures higher-order graph proper-
ties represented by graph statistics. These statistics include



the distribution of node degrees (the number of connections
each node has), the number of triangles (specific patterns of
three interconnected nodes), and s-step transition probabil-
ities (the likelihood of reaching one node from another in
a given number of steps). This loss method reduces depen-
dence on specific node ordering by utilizing permutation-
invariant graph statistics. Additionally, we apply orthogonal-
ity regularization on the means of the substructure distribu-

tions: Loho = iy Zleyj#((u’;i)Tuij)Q. This ensures
that the K topic distributions are as distinct from each other
as possible. NGTM is trained using a weighted sum of the
aforementioned loss functions.

Experiment
Baselines

We compare our approach against a range of state-of-
the-art graph generation models from different generative
paradigms: (1) GraphVAE(Simonovsky and Komodakis
2018), (2) GraphVAE-MM(Zahirnia et al. 2022), (3)
GraphRNN(You et al. 2018), (4) GRAN(Liao et al. 2019),
(5) BiGG(Dai et al. 2020), (6) DiGress(Vignac et al. 2022),
(7) G2PT(Chen et al. 2025), and (8) ConStruct(Madeira
et al. 2024). Detailed descriptions of these baselines are pro-
vided in the Appendix. (9) NGTM Variants: We further
compare against ablated versions of our NGTM model: (a)
NGTMw/oGE: This variant removes the global encoder,
assessing the importance of global structural guidance. (b)
NGTMParallel: In this version, the Substructure Assembly
Module performs simultaneous aggregation of all substruc-
tures rather than sequential composition.

Datasets

We utilize one synthetic dataset and three real-world
datasets: (1) Lobster (Golomb 1996): This dataset includes
100 synthetic graphs with 10 < |V| < 100. The average
number of nodes is 52. These graphs are trees where each
node is at most 2 hops away from a backbone path. (2)
MUTAG (Debnath et al. 1991): MUTAG is a dataset with
10 < |V| < 28 comprising 188 mutagenic aromatic and het-
eroaromatic nitro compounds. The average number of nodes
is 18. (3) PTC (Toivonen et al. 2003; Xu et al. 2018): PTC is
a dataset of 344 chemical compounds with 4 < |V| < 103
that report the carcinogenicity of male and female rats. The
average number of nodes is 26. (4) Ogbg-molbbbp (Hu
et al. 2020): This dataset consists of 2039 real-world molec-
ular graphs with 2 < |V| < 132. The average number of
nodes is 23. Train/Test Split. We follow the same protocol
as (Dai et al. 2020; Zahirnia et al. 2022) and create random
80% and 20% splits of the graphs for training and testing,
respectively. Additionally, 20% of the training data in each
split is used as the validation set.

Implementation Details

Training is performed using the Adam optimizer with a
learning rate of 0.0003. The model is trained for up to 20,000
epochs, and the version with the best validation performance
is selected for testing. We fix the number of topics K = 10,
the number of sampled substructures W = 30, and set the
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substructure size n to the average number of nodes in each
dataset. We fix the number of topics K = 10, the number of
sampled substructures W = 30, and set the substructure size
n to the average number of nodes in each dataset. Although
these hyperparameters may not yield the best possible re-
construction accuracy, they provide a balance between in-
terpretability and generation quality in our experiments. The
NGTM framework is composed of modular components: a
topic encoder, structure encoder, and global encoder—each
implemented with four GCN layers, followed by Layer Nor-
malization and average pooling. The structure decoder con-
sists of three linear layers. For substructure assembly, we
employ three MultiheadAttention modules to compute at-
tention between the substructure, the current graph, and the
global structure vector. The mapping network includes three
linear layers with LayerNorm. All hidden dimensions are set
to 256.

Evaluation Metrics

We evaluate the effectiveness of NGTM through both quali-
tative and quantitative metrics to comprehensively assess the
diversity and realism of the generated graphs. We use two
types of metrics to measure the distributional distance be-
tween generated and test graphs: (a) GNN-based Metrics:
These metrics utilize a task-agnostic Graph Neural Network
(Random-GNN) (Thompson et al. 2022) to extract graph
representations. We evaluate the discrepancies using F1 PR,
which measures the diversity of the generated graphs, and
MMD RBF, which assesses their realism based on structural
and semantic alignment. (b) Statistics-based Metrics: This
approach directly compares structural statistics such as de-
gree distributions, orbit counts, clustering coefficients, spec-
tral features, and graph diameter (Liao et al. 2019; Zahirnia
et al. 2022). Following O’Bray et al. (O’Bray et al. 2021),
we also report ideal scores obtained from a 50/50 data split,
which serve as a lower bound for distributional distance.
These combined metrics provide a comprehensive view of
the model’s performance.

Generation Quality Evaluation

We conducted experiments comparing NGTM with several
graph generation models across four representative datasets,
spanning synthetic, chemical, and bioinformatics domains.
As shown in Table 1, NGTM consistently achieves results
that rival or outperform the strongest baselines, despite ex-
plicitly emphasizing interpretability—a quality often seen as
coming at the cost of generation fidelity. Notably, our eval-
uations show that NGTM is capable of robustly capturing
both local structural motifs and global topological charac-
teristics, essential for realistic graph synthesis. This is par-
ticularly significant in chemically relevant scenarios such
as MUTAG, PTC, and Ogbg-molbbbp datasets, where gen-
erating accurate molecular structures directly impacts real-
world outcomes, including drug design and toxicity predic-
tion. NGTM-generated graphs exhibit clear and consistent
chemical substructures that align well with known domain
knowledge, demonstrating its strong practical potential in
scientific contexts.



Method MUTAG Lobster
Deg.] Clus.] Orbit] Spect| Diam.] MMD| F171 | Deg.] Clus.] Orbit] Spect]/ Diam.] MMD| FI7
50/50 split 3e-4 0 2e-5 0.007 0.002 0.027 9796 | 8e-4 0 0.003 0.004 0.023 0.04 98.99
GraphRNN 0.007  0.266 0.001 0.070 0.728 0.832  52.81 | 0.004 0 0.039 0.044 0.376 0.855 62.33
GRAN Se-4 0.011 0.005 0.059 0.645 0276  90.87 | 0.006  0.475 0.412 0.039 0.502 0.221 45.39
BiGG 0.006 0 0.003 0.043 0.308 0.521 97.93 | Se-4 0 0.001 0.017 0.009 0.127 95.19
GraphVAE 0.006  0.122 0.007 0.024 0.051 0.109  69.79 | 0.094  0.866 0.405 0.071 0.137 0.415 69.54
GraphVAE-MM  0.001 0 Se-4 0.017 0.021 0.061 89.58 | 4de-4 0 0.008 0.019 0.175 0.136 100
DiGress 0.002  0.015 Te-4 0.020 0.060 0.085 95.23 | 0.001 0.045 0.006 0.030 0.038 0.148 90.44
G2PT 0.004  0.052 0.003 0.029 0.087 0.132  97.66 | 0.003 0.076 0.005 0.034 0.051 0.193 95.12
ConStruct 0.001 0 0.001 0.018 0.020 0.059 9412 | 2e-4 0 0.004 0.015 0.010 0.097 91.36
NGTMy/o6E 0.005  0.041 9e-4 0.023 0.079 0.082  96.73 | 0.002  0.071 0.009 0.035 0.027 0.139  98.75
NGTMpyraliel 0.006 0 4e-4 0.018 0.050 0.068  98.67 | 0.003 0.021 0.012 0.016 0.017 0.159 100
NGTM 4e-4 0 3e-4 0.015 0.015 0.053 9872 | 3e4 0 0.003 0.012 0.007 0.102 100
PTC Ogbg-molbbbp
50/50 split Se-5 3e-4 Te-5 0.003 0.008 0.022  96.73 | 5e-4 4e-5 8e-5 8e-4 Te-4 0.001 97.98
GraphRNN 0.007  0.004 0.006 0.071 0.417 0.816 33.15 | 0.003 0.001 9e-4 0.126 0.553 1.361 94.73
GRAN 0.020  0.115 0.009 0.038 0.179 0.164  78.84 | 0.006 0.376 0.011 0.044 0.359 0.354  93.96
BiGG 3e-4 0.004 9e-5 0.019 0.027 0.056  95.89 | 0.002 0.001 9e-4 0.009 0.031 0.059  96.22
GraphVAE 0223  0.729 0.537 0.035 0.204 0.613 4231 | 0.031 0.562 0.048 0.019 0.061 0.313 57.38
GraphVAE-MM  0.033 Se-4 0.002 0.022 0.038 0.055 82.39 | 0.002  0.007 9e-4 0.004 0.031 0.047 92.96
DiGress 0.012  0.008 0.007 0.026 0.098 0.113 89.85 | 0.003 0.005 0.001 0.010 0.042 0.073 93.67
G2PT 0.022  0.016 0.010 0.033 0.079 0.104  93.70 | 0.002  0.008 6e-4 0.013 0.048 0.092  96.85
ConStruct 0.005  0.001 0.003 0.021 0.032 0.051 94.73 | 0.001 Se-4 0.001 0.006 0.030 0.052  92.18
NGTMy/oGE 0.029  0.008 0.027 0.053 0.142 0.178  90.82 | 0.004  0.007 9e-4 0.033 0.097 0.271 85.39
NGTMparaliel 0.056 Te-4 0.014 0.067 0.398 0.367 83.71 | 0.001 0.009 Te-4 0.026 0.245 0289  79.24
NGTM 0.002 2e-4 0.003 0.017 0.022 0.046  96.03 | 0.001  0.004 Se-4 0.008 0.029 0.032  96.38
Table 1: Comparison of NGTM and baselines.
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Figure 3: Impact of parameters on the PTC dataset. (a) Effect
of substructure count (IW). (b) Effect of topic count (K).

Further analysis through ablation studies highlights cru-
cial insights into NGTM’s design. Removing the global
structural guidance module (NGTM,,,cg) markedly de-
graded the coherence and realism of generated graphs.
This observation clearly illustrates that maintaining high-
level global structure constraints significantly enhances the
model’s ability to produce realistic and semantically coher-
ent graphs. Similarly, replacing sequential substructure as-
sembly with parallel integration (NGTMpy,1e1) adversely af-
fected structural consistency, suggesting that our sequential
assembling of semantic components has been critical for
preserving complex structural dependencies.

Parameter Sensitivity

Fig. 3 illustrates how varying key parameters affects graph
generation performance on the PTC dataset. The results re-
veal consistent trends across both diversity (F1 PR) and re-
alism (MMD RBF) metrics. (a) Substructure Count WW: In-
creasing the number of sampled substructures significantly

Structural Metric
* p<0.05, ** p<0.01, *** p<0.001

Figure 4: Comparison of Structural Metric Effect Sizes Be-
tween Real and Generated Graphs across Models.

enhances both graph realism and diversity. MMD RBF de-
creases sharply while F1 PR approaches saturation as W in-
creases from 20 to 50. This suggests that denser substructure
sampling enables NGTM to better capture nuanced struc-
tural variations. (b) Topic Count K: Expanding the number
of latent topics from 1 to 30 results in a marked improvement
in performance. As K grows, the model gains greater flexi-
bility in organizing substructures into semantically coherent
patterns. These trends collectively indicate that a careful bal-
ance of these parameters is essential not only for optimizing
the expressiveness and quality of the generated graphs, but
also for maintaining a trade-off between performance and
interpretability.

Class-wise Structural Analysis

To evaluate whether NGTM captures semantically meaning-
ful structural differences, we examine how well it distin-
guishes carcinogenic from non-carcinogenic graphs using
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Figure 5: Topic-wise impacts on structural metrics evaluated
through systematic topic weight manipulation.

the PTC dataset. We analyze ten structural metrics includ-
ing modularity, density, clustering coefficient, diameter, and
cycle counts, which are critical for understanding molecular
carcinogenic behavior (Gonzalez, Holder, and Cook 2001;
Swamidass et al. 2005). We compute Cohen’s d effect sizes
for each metric to quantify class separation: larger abso-
lute values indicate stronger differentiation between carcino-
genic and non-carcinogenic graphs. Fig. 4 shows the re-
sults across all models. Real PTC data (bottom row) exhibits
strong structural differentiation, with carcinogenic graphs
showing higher modularity and more 4-cycles but lower den-
sity and clustering—consistent with known biological pat-
terns (Blinova et al. 2003). Among all generative models,
NGTM best replicates the effect size patterns observed in
real data, closely matching both direction and magnitude of
class-specific structural trends. NGTM is the only model that
consistently captures the full profile of structural effects, in-
cluding significant separation on key metrics like modular-
ity, density, and 4-cycles. This demonstrates that NGTM not
only generates realistic graphs but also preserves meaningful
structural variations associated with biological classes, sup-
porting the model’s interpretability and semantic alignment
with domain knowledge.

Topic Manipulation on Graph Structure

We conduct a controlled experiment to evaluate whether
learned topics meaningfully control graph-level properties.
We systematically adjust topic weights in the mixture vec-
tor 6: for each topic T;, we vary its normalized weight from
-0.30 to +0.50 while proportionally rescaling remaining top-
ics to maintain a valid distribution. For each setting, we gen-
erate 300 graphs and compute structural metrics, quantify-
ing changes using Cohen’s d effect sizes. Fig. 5 shows ef-
fect sizes across ten structural metrics, where warmer col-
ors indicate positive shifts and asterisks denote statistical
significance. Topic 3 exhibits the strongest influence, sub-
stantially increasing modularity along with moderate in-
creases in node count and diameter. This profile matches
carcinogenic graphs, which are typically large, modular, and
sparse (Swamidass et al. 2005; Gonzalez, Holder, and Cook
2001), suggesting Topic 3 encodes carcinogenic-like motifs.
Conversely, Topic 1 reduces modularity and diameter, pro-
moting compact, highly connected structures characteristic
of non-carcinogenic graphs (Blinova et al. 2003). Other top-
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Figure 6: Structural changes induced by progressively in-
creasing the contribution of Topic 1 and Topic 3.

ics show localized effects: Topic O increases density and 4-
cycles while reducing clustering, consistent with heteroaro-
matic scaffolds; Topic 4 decreases density but increases
clustering and 6-cycles, resembling polycyclic natural prod-
ucts; Topic 2 shows minimal effects, indicating a neutral
background role. These results demonstrate that NGTM top-
ics capture meaningful structural patterns and enable inter-
pretable control over graph generation.

Fig. 6 demonstrates concrete examples of topic manipula-
tion in NGTM. Increasing Topic 1 weight progressively re-
duces graph diameter from 8 to 4 nodes, confirming its asso-
ciation with compact topologies (Fig. 6(a)). Conversely, in-
creasing Topic 3 weight steadily increases density from 0.04
to 0.18, reflecting increasingly dense and highly connected
topologies (Fig. 6(b)). These results confirm that NGTM’s
learned topics serve as interpretable and controllable factors
that systematically influence graph properties. The observed
trends align with class-specific structural patterns in real
PTC graphs, reinforcing NGTM’s semantic interpretability.

Conclusion

We introduced NGTM, a framework that models graphs as
mixtures of latent substructure topics, enabling interpretable
and transparent graph generation. Experiments demonstrate
that NGTM achieves competitive generation quality while
providing clear interpretations of structural components, en-
abling users to understand and control graph generation for
applications requiring transparency. NGTM establishes a
promising direction for graph generative models that pro-
duce realistic, explainable, and controllable structures.
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