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Abstract

Graph generation is a critical task across scientific domains. Existing methods
fall broadly into two categories: autoregressive models, which iteratively expand
graphs, and one-shot models, such as diffusion, which generate the full graph at
once. In this work, we provide an analysis of these two paradigms and reveal
a key trade-off: autoregressive models stand out in capturing fine-grained local
structures, such as degree and clustering properties, whereas one-shot models excel
at modeling global patterns, such as spectral distributions. Building on this, we
propose LGDC (latent graph diffusion via spectrum-preserving coarsening), a
hybrid framework that combines strengths of both approaches. LGDC employs
a spectrum-preserving coarsening-decoarsening to bidirectionally map between
graphs and a latent space, where diffusion efficiently generates latent graphs before
expansion restores detail. This design captures both local and global properties
with improved efficiency. Empirically, LGDC matches autoregressive models on
locally structured datasets (Tree) and diffusion models on globally structured ones
(Planar, Community-20), validating the benefits of hybrid generation.

1 Introduction

Graph generation underpins applications in drug discovery, molecular design, and social networks.
Most approaches fall into two classes: (i) autoregressive models, which construct graphs through
iterative local expansion, and (ii) one-shot models, which fix the graph size and generate the full
structure in a single pass.

Early work on graph generation largely followed the autoregressive paradigm. GraphRNN You
et al.| [2018] pioneered this direction by modeling node interactions as a sequence of connection
events. Advances in sequential modeling, particularly transformers, led to the emergence of a
family of autoregressive graph generators, including GRAN [Liao et al., 2019], BiGG [Dai et al.|
2020a], and GraphGen [Goyal et al.,|2020a]]. The most advanced system in this line of research is
HSpectre [Bergmeister et al., [2024]], which frames generation as an iterative expansion process that
grows a subgraph into a full graph; although architecturally distinct, each prediction step remains a
local expansion, keeping it within the autoregressive family.

More recently, one-shot generative models [Jo et al.| 2022, |[Haefeli et al., 2022a |[Vignac et al.| 2023
have gained prominence. Key approaches include diffusion models [Niu et al.l 2020, Vignac et al.,
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2023| [Haefeli et al.| [2022b, Xu et al.|[2024] |Siraudin et al.,|2024]] and flow-based models [Eijkelboom
et al., 2024, |Qin et al., 2024, Hou et al., 2024, Jiang et al.l 2025[], which generate entire graphs
in a single shot, unlike autoregressive expansion. These models learn progressive transformations
between a reference distribution and the data distribution by parameterizing the reverse denoising
process with a neural network to enable sampling.

While both autoregressive and one-shot approaches have achieved considerable success in graph
generation, a systematic understanding of their principles and trade-offs remains limited. This
motivates the central question of this work:

How do autoregressive and one-shot models compare, and can we combine their strengths?

We hypothesize a trade-off between the two paradigms: autoregressive models, which generate graphs
through sequential local expansions, excel at fine-grained local dependencies (e.g., parent—child links
in Tree graphs) but often lose long-range coherence. Conversely, one-shot models learn holistic
transformations of the adjacency structure, capturing global patterns, such as community structure
or planarity, though often at the expense of local detail. This intuition guides our evaluation on
datasets that stress different aspects: Tree graphs emphasize local attachment rules, while Planar
and SBM graphs stress global organization. This intuition guides our evaluation on datasets that
stress different aspects: Tree graphs emphasize local attachment rules, while Planar and SBM graphs
stress global organization. This intuition is supported by Table[I} which summarizes training dataset
characteristics across local and global metrics. Tree graphs are dominated by local dependencies,
reflected in their stable local statistics and minimal global variation, whereas Planar and SBM
graphs exhibit pronounced global organization in spectral and connectivity metrics, aligning with our
hypothesis of local-global structural contrast. As shown in Table[2] autoregressive models perform
best on Tree graphs, while one-shot models dominate on Planar and SBM graphs, confirming this
trade-off.

Table 1: Training Dataset Statistics across local and global metrics.

Local Metrics

Global Metrics

Metric Tree Planar SBM Metric Tree Planar SBM
Degree 0.0002 0.0000 0.0003 Spectre 0.0091 0.0076 0.0060
Orbit 0.0000 0.0001 0.0310 Components 0.0000 0.0000 0.0004
Motif 0.0000 0.0007 0.0346 Edge Conn. 0.0000 0.0039 0.0205

Clustering 0.0000 0.0165 0.0331 ASPL

Diameter

0.0065 0.0000 0.0009
0.0241 0.0002 0.0001

Table 2: Graph Generation Comparison. Autoregression models v.s. One-Shot generation. For a
fair comparison, we disabled the training designs that are unrelated to the fundamental generation
path mechanism, such as the target guidance DeFoG and the predictor-corrector in Cometh. Details
regarding the evaluation metrics can be found in Section@

Planar Tree SBM

Model Class V.UN." A.Ratio# V.UN." ARatio# V.UN." ARatio#
Train set 100 1.0 100 1.0 85.9 1.0
BiGG [Dai et al.|[2020b] Autoregressive 5.0 16.0 75.0 52 10.0 11.9
GraphGen [Goyal et al.[[2020b] Autoregressive 7.5 210.3 95.0 332 5.0 48.8
HSpectre [Bergmeister et al.[[2024]  Autoregression 62.5 2.9 82.5 2.1 45.0 10.2
GruM [Jo et al.|[2024] One-shot T4.445.15 3.2+04 / / 73.5+6.7 2.620.6
Cometh [Siraudin et al.|2024] One-shot 75.5+7.37 3.0+56 69.5+3.6 1.40<04 65.5+4.5 4.7+0.6
DeFoG [Qin et al.[[2024] One-shot 77.5+837 3.5+17 73.1x11.4 1.50+03 85.0+7.1 3.709

Motivated by this complementarity, we propose a hybrid framework, latent graph diffusion via
spectrum-preserving coarsening (LGDCJ| The intuition is as follows: one-shot diffusion captures
global structure, but can be expensive on the original graph and may blur fine-grained connectivity.
We instead run diffusion on a coarsened latent graph for efficient global modeling. To ensure
global faithfulness, we adopt spectrum-preserving coarsening under restricted spectral similarity,
which keeps the principal Laplacian eigenvalues and eigenspaces of the coarse and original graphs

*In this work, ‘latent space’ refers to the coarsened graph domain, not a Euclidean embedding.



(a) Graph generation with local expansion. The color(b) Graph Generation with iterative denoising. The
represents the child nodes expanded from a same anumber of nodes are xed, where every individual
cestral node. node and edge have the possibility to change.

Figure 1: Two categories of graph generation methods.

close [Loukas and Vandergheynst, 2018], allowing coarse eigenvectors to substitute for the originals,
yielding a compact yet globally coherent surrogate. A single autoregressive-inspired expansion-and-
re nement step during decoding then restores local connectivity. While Table 2 does not directly
evaluate our hybrid, it illustrates the motivating local-global trade-off: diffusion supplies global
coherence, while autoregressive re nement sharpens local structure.

Concretely, LGDC follows a two-stage framework: a diffusion model rst samples a small xed-size
latent graph, which is then expanded back to a grapm the original space via a decoarsening
model. Training leverages graph—coarsened graph (@ir&) from spectrum-preserving coarsening,
enabling joint optimization of the latent diffusion model@.) and expansion model (G j G).

Our contributions are summarized as follows:

» We propose LGDC, a uni ed graph generation framework combining spectrum-preserving
coarsening, latent diffusion, and a single expansion—re nement step for scalable generation.

» LGDC captures both local (e.g., neighborhoods) and global (e.g., spectral) structures in
one generative process. Empirically, it achieves results comparable to diffusion models
on globally structured datasets (Planar, Community-20) and to autoregressive models on
locally structured ones (Tree), demonstrating LGDC's strong balance between ne-grained
accuracy and global coherence while maintaining high sample validity and diversity.

* LGDC achieves high ef ciency and lower computational complexity compared to pure
diffusion or autoregressive models (e.g., HSpectre). For grapmsiatent sizen¢, and
sampling step3 , its complexity iSO(n2+T n 2) versusO(T n?) for one-shot an®(T n?=3)
for autoregressive generation assuming a same architecture for backbone models.

2 Methodology

In this section, we introduce LGDC, a hybrid graph generation model that rst samples a graph in the
latent space and expands it back to the original space. An overview is shown in Fig. 2 and Eq. 1.

(1)

The subsequent sections present the core components of our approach: Subsection 2.1 introduces the
problem formulation, Subsection 2.2 details the spectrum-preserving graph coarsening module, Sub-
section 2.3 describes the latent-space diffusion process, Subsection 2.4 outlines the parameterization
of the expansion model, and Subsection 2.5 summarizes the sampling pipeline of the framework.

cqarsen (3) iffuse/denoise (9)—(8) ne-shot expand/re ne (10);(11)
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2.1 Problem Formulation

We start by formalizing the problem. L& = (X;A) denote a graph with nodes, node features
X 2 R "4  and edge types encodedAn2 f0;1g "" . The graph generation problem aims to
approximate the data distributi@{G) and sample novel graphs from it. Instead of modep(@)
directly in the original space, we introduce a coarsened latent graph represe@atigX ¢; A ;) of

xed size n. n. The generative process is parameterized by neural networks and expressed as:

P(G) =Ep )P (G]G&); (@)
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