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Abstract—Graph visualization is an essential way to understand the relationships within graph-structured data, and node-link diagrams
are widely adopted because of their intuitive representation. However, generating satisfactory layouts remains challenging, because
multiple valid layouts may exist for a single graph, and their usefulness often depends on users’ analytical goals. Conventional layout
algorithms (e.g., force-directed methods) typically require users to tune low-level parameters to achieve desirable results, which can be
time-consuming and non-intuitive for users. Recent deep learning-based methods largely operate automatically but provide limited
support for expressing user intentions. We propose DiffGraph, a controllable graph layout generation method with diffusion models.
DiffGraph leverages a denoising diffusion probabilistic model, with graph neural networks serving as its core architecture. Instead of
requiring users to tune low-level algorithmic parameters, DiffGraph allows users to provide high-level guidance, such as relative node
positions or desired global layout properties. This design enables users to incorporate domain knowledge, highlight regions of interest,
or enforce specific structural patterns, thereby supporting diverse analytical needs. Qualitative and quantitative evaluations show that
DiffGraph can generate high-quality and diverse layouts while effectively incorporating user-defined constraints. A user study further
demonstrates that participants generally understood the constraint mechanism and perceived the generated layouts as consistent with

their intentions, while an extended usage scenario illustrates how DiffGraph can support iterative and practical graph exploration.

Index Terms—Graph, layout, constraint, diffusion model, graph neural network

1 INTRODUCTION

Graph visualization enables users to intuitively understand and ex-
plore the underlying connections and structures. Among various avail-
able graph visualizations, node-link diagrams are popular for their
effectiveness in revealing the graph topology [18]. Over the years,
many algorithms have been developed for the layout of node-link dia-
grams [7,11,13,34]. These algorithms typically involve different design
principles and parameter settings, often producing different layouts for
the same graph. As a result, achieving a desired visual result often
requires users to select appropriate algorithms and carefully adjust their
parameters based on data characteristics and analytical tasks. However,
this trial-and-error approach can be time-consuming and particularly
difficult for users who lack expertise in graph drawing algorithms.
Recently, there has been a growing interest in leveraging deep learn-
ing techniques for graph layout generation. Unlike conventional meth-
ods that require users to manually adjust parameters, deep learning
approaches learn a direct mapping from graph structures to visual rep-
resentations, thus reducing the need for explicit parameter tuning [63].
Existing deep learning approaches can be broadly categorized into
supervised and unsupervised models. Supervised models [63] learn
layout patterns from ground-truth layout data sets and can general-
ize these patterns to unseen graphs. In contrast, unsupervised mod-
els [20,21,58,61,62] optimize predefined aesthetic criteria, allowing
them to generate visually appealing layouts without requiring ground-
truth data. Despite these advancements, these methods often operate in
a fully automatic manner, making it difficult to adapt the visualization
to specific analytical tasks or personal preferences. To support the
exploration and selection of various graph layouts, researchers have
proposed methods that generate multiple potential layouts for the same
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graph [41, 42], allowing users to browse and select from a range of
candidates. However, this selection-based paradigm remains inefficient,
as users need to inspect many candidates without explicit mechanisms
to guide the generation process toward their specific intentions.

Therefore, we seek a method that satisfies user expectations for
graph layouts while reducing the need for laborious parameter tuning.
The core challenge lies in the vast space of potential graph layouts,
arising from the diversity of available layout algorithms, each with
several adjustable parameters. Additionally, translating subjective user
preferences into explicit layout parameters remains inherently ill-posed.

Motivated by the ability of diffusion models to capture diverse layout
distributions through iterative denoising, while naturally enabling the
incorporation of user-defined constraints, we propose DiffGraph, a
controllable graph layout generation method based on the diffusion
model [28, 55, 56]. The core architecture of DiffGraph is built on
denoising diffusion probabilistic models (DDPMs) [28,53,66], with
graph neural networks (GNNs) [51,65] as its backbone. Furthermore,
we introduce a dedicated node feature enhancement method and a graph
feature augmentation technique to effectively encode layout-related
characteristics. DiffGraph is trained on a diverse set of graph layout
samples to learn various layout distributions. During the inference
stage, DiffGraph supports the constrained generation mode, allowing
users to provide intuitive guidance, such as specifying relative positions
of selected nodes [64,69] or the desired global layout properties.

We evaluate the performance of DiffGraph through quantitative and
qualitative experiments. The quantitative experiment results show that
DiffGraph is capable of capturing key layout characteristics from the
training data and generating satisfactory layouts for unseen graphs.
Moreover, DiftGraph also effectively incorporates user-specified lo-
cal and global constraints, enabling the generation of diverse layouts
aligned with different analytical intentions. A user study further demon-
strates the understandability, perceived satisfaction, and analytical use-
fulness of the constraint mechanism, and a usage scenario illustrating
how DiffGraph supports an iterative graph analysis workflow through
global steering and local refinement.

In summary, the key contributions of this paper are as follows:

* We propose DiffGraph, a diffusion model for controllable graph
layout generation, allowing users to guide the layout process by
specifying relative node positions as local constraint or layout metric
as global constraint.

* We conduct both quantitative and qualitative experiments to demon-
strate the effectiveness of the graph layout method.



2 RELATED WORK
2.1 Graph Layout Methods

Existing studies have proposed several rule-based graph layout algo-
rithms, which can be divided into three main categories [6, 19]: force-
directed, dimension-reduction, and multi-level methods: (1) Force-
directed methods treat a graph as a physical system, where nodes and
edges are modeled as physical objects to create aesthetically pleasing
layouts. Key approaches include spring-embedded methods [13,33]
that apply physical forces, energy-based techniques [16,34] that min-
imize system energy, and probabilistic methods [2,7,40,71] that uti-
lize randomness to explore layout possibilities. (2) Dimensionality
reduction methods [5,27,39] aim to transform high-dimensional in-
formation, such as the length of the shortest path between nodes, into a
two-dimensional space using specialized algorithms designed for di-
mensionality reduction. The algorithms include PivotMDS [5], utilizing
multidimensional scaling, HDE [27], employing principal component
analysis, and tsNET [39], leveraging stochastic neighbor embedding.
(3) Multi-level methods [3, 14, 15,59, 73] were proposed to speed up
graph visualization by simplifying graphs into coarser representations
and then generating layouts.

Furthermore, recent studies have attempted to use deep learning
techniques to compute graph layout, employing both supervised and
unsupervised models. Supervised models, such as DeepDrawing [63],
utilize graph-based LSTMs to learn coordinate patterns from ground-
truth data, generating layouts that closely resemble training examples.
In contrast, unsupervised approaches optimize aesthetic criteria without
relying on labeled data. DeepGD [61] and (DNN)2 [20,21] employ
Graph Convolutional Networks (GCN5s) to minimize aesthetic losses,
while Neural Aesthete [58] introduces differentiable losses to handle
non-differentiable objectives. Furthermore, SmartGD [62] pioneers
the use of Generative Adversarial Networks (GANs) [22] to optimize
quantitative aesthetic goals. These studies demonstrate that deep learn-
ing approaches can effectively capture graph layout characteristics and
generate high-quality graph layouts.

Despite advances, these methods often offer limited user interactiv-
ity, which can restrict their ability to align layouts with user intentions
and accommodate diverse requirements. Moreover, finding the sat-
isfactory layout remains challenging due to varying user preferences
and task-specific demands. To support the exploration and selection
of various graph layouts, researchers have proposed methods that gen-
erate multiple potential layouts for the same graph [41,42]. These
methods collect a variety of layouts and provide intuitive interaction
mechanisms that allow users to explore multiple layouts for a single
graph. However, this selection-based layout exploration model remains
inefficient in mapping user intents to appropriate visual representations.

2.2 Constrained Graph Layout Generation

Some studies [4, 35,50, 57] have explored constrained graph layout
methods to incorporate user preferences into automated layout pro-
cesses, with the aim of aligning the resulting layouts with these prefer-
ences. Typically, these methods use rule-based algorithms, which are
adjusted to meet specific user requirements. Specifically, Bohringer
and Paulisch introduce structural stability to manage constraints on
node positioning imposed by users or application programs. Based on
force-directed layout methods, researchers also develop techniques to
guide nodes toward positions that adhere to the defined constraints.

Furthermore, techniques such as preventing node overlap and pro-
moting compact cluster drawings have been integrated to enhance
force-directed placement [60]. For the direct graph layout constraint,
DIG-COLA [10] organizes graph nodes into different layers and inte-
grates constraints into the stress majorization process to ensure layer
separation. Additionally, intelligent graph layout [69] combines mul-
tiple subgraphs within a large graph while retaining the topological
information of each subgraph through Laplacian-constrained distance
embedding. By reformulating stress majorization into a vector form, a
recent study [64] presents a unified framework that encodes diverse lay-
out constraints as edge vectors, enabling the computation of constrained
graph layouts through an unconstrained optimization process.

These constraint-based methods integrate user intents into automated
graph layout processes, offering essential support for customized vi-
sualization tasks. However, these rule-based approaches often rely on
pre-defined mathematical formulations tailored to specific aesthetic
criteria or constraints. This reliance on rigid, hand-crafted objective
functions inherently restricts the diversity of achievable layouts, as
discussed in Section 2.1, where distinct methods are bound to generate
structurally different outputs. Consequently, it is challenging to identify
a single layout method applicable across various scenarios. Moreover,
different constraint approaches offer unique advantages, yet rule-based
methods often rely on fixed subgraph structures, hindering the incor-
poration of new constraints. To overcome this limitation, we employ
a diffusion model framework that learns layout features from diverse
methods, thereby transcending the constraints of specific mathematical
formulations. This approach enables the flexible integration of hetero-
geneous constraints, encompassing both user-desired local subgraph
structural requirements and global aesthetic criteria.

3 BACKGROUND
3.1 Denoising Diffusion Probabilistic Models

Diffusion models [28, 55, 56] have emerged as a powerful class of
deep-generative models with remarkable performances in various ap-
plications, including image synthesis [49], video generation [29], and
molecule design [67]. DDPMs [28, 53] represent a notable subset of
diffusion models, which involve two Markov chains [67]: a forward
chain to add noise to ground truth data and a reverse chain to restore
data from noise. The forward chain typically employs predefined pa-
rameters to transform the original data distribution into a simpler prior
distribution, often a standard Gaussian distribution. In contrast, the
reverse Markov chain reverses the transformations using transition ker-
nels parameterized by deep neural networks. DDPMs are distinguished
by two essential aspects: expressiveness and guidance capacity. Expres-
siveness denotes the model’s ability to capture diverse data distributions
and produce high-quality output that aligns with the underlying dis-
tribution. Guidance capacity refers to the utilization of prompts or
conditions to guide the model to generate outputs that reflect the intent
of the user. Given these characteristics, DDPMs are well-suited for our
goals of generating graph layouts of both high quality and diversity,
and at the same time, accommodating specific constraints.

3.2 Graph Neural Networks

Graph Neural Networks (GNNs) adapt deep learning techniques to the
combinatorial properties of graphs, enabling the processing of graph-
structured data [72]. They enhance information exchange among nodes
through a message-passing mechanism, enriching node representations
with contextual and relational details. This mechanism aggregates infor-
mation from neighboring nodes or the entire graph and propagates it to
each node. GNNs have achieved state-of-the-art performance in various
graph-related tasks, such as graph classification [68], which establishes
mappings between graphs and labels. Similarly, graph drawing can be
conceptualized as a structure-to-layout mapping function [63], making
GNNs a suitable choice for this task. Given that graph layouts should
remain invariant under rotations and translations in the two-dimensional
space, ensuring rotational and translational invariance is critical. E(n)-
Equivariant Graph Neural Networks (EGNNs) [30,51,66] address this
requirement by exhibiting equivariance to rotations, translations, re-
flections, and permutations. Inspired by EGNNs, we implement an
equivariant convolutional layer for graph layout generation tasks.

4 DIFFGRAPH METHOD
4.1 Task Specification

Preliminaries. The graph layout generation task can be defined as the
following. A graph G can be represented as G = (V, E), where V is the
set of its nodes, and E is the set of its edges, with G being an undirected,
connected graph. N and M indicate the number of nodes and edges.
The graph layout is denoted as X € RV*2, where X; represents the two-
dimensional position vector for node i. We denote the node positions



of the generated layout as X#°". The general layout generation task is
to build the mapping relation between G and X 8",

Constraint Mode. DiffGraph offers two types of constraints to
guide the graph layout generation process: local constraints and global
constraints. As their names suggest, local constraints adjust the layout’s
local structure, while global constraints regulate its overall appearance.
Our approach implements both constraint types to address the needs of
various tasks. For local constraints, users can express their layout ex-
pectations by indicating the relative positions of specific nodes, denoted
XfiX_ with an empty value indicating the generation of an unconstrained
layout. For global constraints, users can specify a desired global layout
metric, denoted @, such as the variance of the edge length and the
number of edge crossings, which reflect the global characteristics of a
graph layout. Traditionally, metrics are computed only after a layout
is generated. The key innovation is learning to map metrics to layouts,
enabling users to specify desired metric values and generate layouts
that satisfy these constraints.

Problem Definition. As noted in Section 2.1, the layouts of the
same graph can vary significantly. Numerous algorithms have been
developed to address diverse objectives and contexts. In addition,
certain layouts come not only from algorithmic processes, but also from
user adjustments [36]. Thus, the controllable graph layout generation
task defined here seeks to produce X#°" by integrating user expectations,
expressed through local constraint XX and global constraint @ for a
given graph G. This task entails predicting the coordinates of each node
in a two-dimensional space, accounting for the structure of the graph,
the range of possible layouts, and specified constraints. Two primary
challenges arise: first, the ability to generate diverse layouts for a given
graph, and second, the integration of specified constraints (the relative
positions of specific nodes X* and the global metric features ) into
the layout generation process.

To address these challenges, we adopt data-driven deep learning
approaches. Unlike rule-based methods, data-driven techniques can
produce diverse outputs when trained on varied data and supported
by expressive models. Consequently, we employ DDPMs, detailed in
Section 3.1, due to their proven expressiveness in generative tasks.
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Figure 1: Three types of edges in graph feature augmentation. We select
the yellow node as an example. The left graph highlights the original
edges connected with the node. The middle graph highlights its two-order
local edges, which connect it to neighboring nodes within two hops. The
right graph highlights the global edges of the graph, which connect the
node to other closed nodes based on a predefined distance threshold.

4.2 Model Inputs

To improve model performance, we incorporate feature augmentation
into input processing.

Node Feature Enhancement. Enhancing node features is critical to
effective layout generation. The encoding method should effectively
capture the graph’s topological properties. We evaluated various node
encoding techniques, including node2vec [24], random walk positional
encoding [9], and Laplacian eigenvector positional encoding [8], to
enrich node positional features. The Laplacian positional encoding tech-
nique [8] embeds graphs in Euclidean space, integrating positional and
structural information to create a local coordinate system while preserv-
ing the global graph structure. Previous work [58] has demonstrated
its promising performance in graph layout tasks. Therefore, DiffGraph
adopts Laplacian positional encoding to compute the positional features

of nodes. Furthermore, we evaluated other node embedding techniques
(see Section 5.3) to provide a complete comparison.

In our experiments, we use the k smallest non-trivial eigenvectors
as the initial node features, where k is a hyperparameter. These eigen-
vectors encode continuous coordinates of neighboring nodes, enabling
effective capture of structural information within their receptive fields
during message passing. Additionally, for layout generation with global
constraints, we calculate several layout metrics for each graph, as de-
scribed in Section 5.1.3, and concatenate them with node embeddings
throughout the graph to improve the representation of global features.

Graph Feature Augmentation. In addition to adopting an effec-
tive node feature enhancement method, we propose a graph feature
augmentation technique specifically designed for graph layout tasks,
further enhancing performance. Graph feature enhancement involves
establishing additional node connections that directly affect message
propagation efficiency in GNNs. These connections are classified into
three types: original edges, local edges, and global edges, as shown
in Figure 1. Original edges preserve the inherent topology of the raw
graph, reflecting its fundamental structure. Local edges are extensions
of the original graph topology. They connect each node to its m-order
neighbors, with m determined through hyperparameter tuning through
grid search. These edges broaden the perceptual range of the nodes,
enabling the model to efficiently generate coherent local structures.

Original and local edges primarily support information exchange
among topologically proximate nodes, which is often sufficient for gen-
eral graph representations but inadequate for layout tasks. To address
this, we introduce global edges, which dynamically connect nodes
within a radius cutoff (7) calibrated to the layout scale. These global
edges allow the information to propagate beyond topologically con-
nected neighbors, enabling the graph to capture broader relationships
among positionally neighboring nodes.

4.3 Model Architecture

DiffGraph employs the architecture of a diffusion model, consisting
of two processes: the forward process and the reverse process. We
define a graph layout as a system composed of multiple nodes and
edges in a two-dimensional space. The forward process transitions
the system from an equilibrium (well-organized) state to a chaotic
(noisy) one, while the reverse process refines it back to equilibrium.
We denote the ground truth layout as X and the sequence of perturbed
layouts at diffusion step 7 as X; (for ¢z = 1,--- ,T). The diffusion model
identifies that the graph layout distribution at each timestep ¢ follows
a Gaussian distribution. At 7 = T, the layout X7 is maximally chaotic,
adhering to a standard normal distribution .4#(0, 1), while at = 0, it
is maximally clear. The objective of DiftGraph is to learn the reverse
process, recovering the distribution of Xy from X7 step by step, allowing
for the sampling of high quality layouts from the distribution of Xj.

Forward Process: Gradually Adding Noise to the Layout. The
forward process is about gradually adding noise to the clear layout Xy
over a series of steps. At each step ¢, Gaussian noise sampled from
A7(0,1) is added to the positions of the nodes, systematically altering
the layout. The process is structured as a Markov chain, with each
layout X; depending solely on the previous one X;_;:

q(Xr|Xz—l 7G) = =/V(Xr§ At *ﬁtXr—hﬁzI) (D

To simplify this process, a closed-form expression allows for direct
sampling from X to X;:

q(X:X0,G) = N (Xi;v/ @ Xo, (1 — &)1) 2

where & = [T:_, (1— ).

Reverse Process: Learning to Recover from Chaos. The reverse
process is central to DiffGraph, with the aim of reconstructing Xo from
the fully perturbed X7 through iterative refinement. This process, also
a Markov chain, proceeds as follows:

q(X—11X:,G) = N (X,—1: 1o (X;, G,1), 621 3)
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Figure 2: The constrained graph layout generation process in DiffGraph. It begins by sampling a noisy layout X7 ~ .#7(0,1) (a). After integrating local
constraints (d) and global constraints (e), we embed the graph and employ a trained noise predictor to estimate the noise term & present in the
current layout. Following the procedure outlined in Seq. 3, we denoise the input layout to enhance its aesthetic quality. (Notably, to effectively align
the given constraints with model generation, each timestep involves resampling n times, detailed in Section 4.4.) This denoising process iterates T

times, ultimately generating X, as the final layout (c).

where g can be expressed as:

1 B
VO \/l—a,

Here, &g is the noise predictor, which estimates the noise in layout X;
to facilitate iterative refinement. During training, €y is optimized by
comparing its predictions to the actual noise added.

Structure of Noise Predictor. The noise predictor takes a graph lay-
out X; as input and predicts the noise & present in the layout. To achieve
this, the noise predictor employs GNNs, where node positions can be
refined via the message passing mechanism (detailed in Section 3), to
obtain a new layout, denoted X, .4;c;- The predlcted layout Xpeqgicr 18
then subtracted from the input layout X; to obtain &.

It is essential that the noise predictor €9 guarantees rotational and
translational invariance. To achieve this, the noise predictor &g utilizes
EGNN:Ss to predict the positions of the nodes. The noise predictor &g
is composed of several layers of EGNN blocks. After the multi-layer
EGNN processing, the predicted layout X,,,.q;c; is finally obtained.

The equivariant convolutional layers of EGNN used in DiffGraph
are as follows:

Ho(X:,G,t) = —(X; £9(X;,1)) 4)

-1 -1

X —x.
Node positions: xl*xl Ty Z 'qu) (thtl]7 U) 5)
Jer (i) ij
Node features: hj = ¢, (hi"', Y ml; 6)
JE (i)
Edge messages: m ¢e(hl ! hl l,dl]j_1 ej) @)

Here, the equivariant convolutional layers process node embeddings,
positions, edge types, and edge connections, updating them based
on relative distances and relationships. [ is the index of layers. A
represents the node embedding with initial values obtained from the po-
sitional encoding of Laplacian eigenvectors (as detailed in Section 4.2).
x! corresponds to the two-dimensional coordinates of the node, while
d;j = ||x; — x;|| quantifies the Euclidean distance between the i’ and
7 nodes, and m; ; j indicates the embedding of the edge between these
two nodes. e;; represents the types of edges, which include original,
local, and global edges. .4 (i) denotes the neighborhood of the i " node.
Furthermore, ¢, is a fully connected neural network that is tasked with
projecting the updated endpoint embeddings, along with edge embed-
dings, into a two-dimensional space. ¢y, updates node embeddings by
leveraging information from neighboring nodes using the GIN [65]
architecture. ¢, is also a fully connected neural network to aggregate
the endpoint embeddings and the node distances for each edge.

The update of the node positions is based on direction vectors x; — x;
weighted by scalar functions (¢,), to ensure predicted noise rotates
correspondingly with input. This equivariance guarantees geometric
consistency in €y, a crucial property for graph layout generation.

Furthermore, to ease the workload of the noise predictor, DiffGraph
ensures that the overall layout position remains relatively stable within
the two-dimensional space. To this end, each layout is preprocessed by
moving its Center of Mass (CoM) to the origin. The CoM represents
the weighted average of all node positions. This centers the layout, so
the model focuses on the relative arrangement of nodes rather than their
absolute positions.

Training Process. During training, DiffGraph randomly selects
a timestep ¢ and generates a perturbed layout X; by adding Gaussian
noise € to the ground truth layout Xg (Eq. 2). The perturbed layout X; is
then fed into the noise predictor &g to train it to predict the layout noise,
using the noise € as the supervision signal. As long as €y accurately
predicts noise € in X;, DiffGraph can recover the noisy layout X; to a
high-quality graph layout X step by step through the reverse process
defined in Eq. 3 and Eq. 4.

The above describes the typical training procedure for tasks with
local constraints. In the training process for tasks with global con-
straints, the global feature @ of each graph is processed by an MLP
and concatenated with the node embeddings, treated as part of the
node embeddings; aside from this modification, the training process is
consistent with that of the unconstrained tasks. Detailed definitions of
these tasks are provided in Section 4.4.

4.4 Model Inference

With a well-trained noise predictor €g, DiffGraph generates layouts
for a given graph, starting from a randomly initialized layout and
progressively denoising it to a well-structured graph layout.

The unconstrained generation in DiffGraph follows the reverse
process used during training. It starts by sampling a noisy layout X7 for
the given graph G from a standard Gaussian distribution X7 ~ .47(0,1).
The learned noise predictor &g is then used to iteratively estimate and
remove noise from X7, producing X7_1,X7r_»,...,Xo according to the
reverse Markov chain defined by Eq. 3 and Eq. 4. Similarly to the
training process, we reset the CoM of the layout to zero at each time
step to remove arbitrary translations. The resulting X represents a
well-organized graph layout for the given graph, reflecting the layout
features learned from the training set.

The constrained generation process extends the same reverse diffu-
sion procedure by incorporating user-specified constraints, as illustrated
in Figure 2. Similar to unconstrained generation, constrained generation
starts from a randomly sampled noisy layout X7 ~ .47(0,1), and the
CoM of the layout is reset to zero at each timestep. The key difference



is that local and global constraints are injected into the reverse diffu-
sion process to guide the generated layout toward user-specified layout
intentions. Local constraints are incorporated through a resampling-
and-replacement strategy during denoising, whereas global constraints
are incorporated as conditional features in the node representations.
Overall, these constraints jointly restrict the feasible solution space,
and the model generates layouts consistent with user requirements by
sampling within this constrained space.

* Local constraints. Local constraints specify the desired relative
arrangement of a selected set of nodes. These constraints are used
to preserve local structures during the generation of the layout. Be-
cause graph layouts are invariant to translation and rotation, directly
imposing absolute two-dimensional coordinates may conflict with
the coordinate frame of the generated layout. Therefore, we in-
corporate local constraints using a resampling strategy inspired by
diffusion-based inpainting [43,52]. At each reverse timestep #, Diff-
Graph first performs a denoising step to obtain a layout X; ;. The
local constraint is then aligned to the current layout by matching
its center to the center of the corresponding constrained nodes, and
the positions of the constrained nodes in X;_| are replaced with
the aligned local constraint positions. To better harmonize the con-
strained nodes with the remaining unconstrained nodes, we repeat
this procedure with R resampling iterations at each timestep. Specif-
ically, after replacement, the layout is diffused back from X;_; to
X; according to ¢(X; | X;—1) = A (\/1—B:X;_1,B:I), and then de-
noised again. Here, R denotes the number of resampling iterations
and is independent of the total number of diffusion timesteps 7.
This resampling-and-replacement process allows the model to adjust
the surrounding layout while keeping the constrained local struc-
ture consistent with the user specification, as shown in Figure 2(d).
Through training on datasets with diverse local substructures, the
model learns the correspondence between local structural patterns
and plausible global layouts. During inference, user-specified local
constraints serve as conditional guidance, steering generation toward
globally coherent layouts while preserving the given local structures.

* Global constraints. Global constraints specify desired layout-level
properties, such as stress, edge crossing. These constraints are used
to steer the overall visual characteristics of the generated layout. To
incorporate global constraints, each metric value is log-normalized
when necessary and scaled to the range [0, 1]. The normalized metric
vector is then processed by a multilayer perceptron and subsequently
concatenated with the embeddings of node coordinates initialized
from randomly sampled Gaussian noise, as shown in Figure 2(e).
The same global constraint representation is broadcast to all nodes,
enabling each node update in the EGNN to be conditioned on the
desired graph-level layout property. Except for this conditional
embedding, the training and inference procedures are identical to the
unconstrained generation process. This design enables the model
to jointly learn layout structures and their associated global metrics,
capturing the statistical dependency between layout configurations
and their distributions. During inference, conditioning the reverse
diffusion process on a target metric guides generation toward layouts
that satisfy the desired global metrics, enabling controllable layout
synthesis aligned with high-level design objectives. In this sense,
global constraints act as soft guidance rather than hard optimization
objectives. Therefore, the generated layouts are expected to respond
to the specified metrics in a statistically consistent manner, although
exact satisfaction of a target metric is not guaranteed.

DiffGraph does not rely on an externally provided initial layout as
the starting point of inference. The inference process always starts
from randomly sampled Gaussian noise X7 ~ .47(0,1). Therefore, the
generated layout is not affected by the coordinate position of the initial
layout. When an initial layout is used at the beginning, it only serves as
a convenient medium for users to select nodes or specify local/global
constraints; its node positions are not directly used as the initial state of
generation. Consequently, different initial layouts that encode the same
constraints lead to the same conditional generation setting.

5 EVALUATION
5.1
5.1.1

To ensure that DiffGraph can learn various features of graph layout, as
outlined in Section 4.1, we constructed a dataset that includes a variety
of graph layout methods.

Graphs. In this work, we use the Rome dataset' and the SuiteS-
parse Matrix Collection [38]. Although benchmarking in graph draw-
ing remains non-standardized [23], many studies rely on the Rome
dataset [20,21,23, 58, 62]. The Rome dataset contains 11,534 undi-
rected graphs that are broadly representative and lack distinctive fea-
tures, making them suitable for modeling typical real-world networks.
To further enhance the effectiveness and generalizability of our method,
we also include data from the SuiteSparse Matrix Collection [38], which
comprises multi-node, dense graphs. Based on these two datasets, we
augmented the graphs by synthesizing 10 structurally similar instances
for each graph through random node pruning (0%—40%) or simple
substructure enhancement.

Layouts. To generate various layouts for each graph, we ap-
plied five layout algorithms: Kamada-Kawai (KK) [34], SGD [71],
ForceAtlas2 (FA2) [33], Fruchterman-Reingold (FR) [25], SFDP [31],
SmartGD [62]. These algorithms were chosen for their ability to pro-
duce varied layouts across a diverse parameter values, as well as their re-
liable, publicly available implementations. We generated over 300,000
layouts using the methods and parameter ranges detailed in Table 1,
averaging more than 20 unique layouts per graph. We splits the dataset
with a train/val/test ratio of roughly 8:1:1.

Experiment Setup
Dataset

Table 1: The employed layout methods and parameter ranges.

Method Parameter Ranges Implementation

KK [34] e default parameters [26]

SGD [71] * eps = [0.0005, 0.01], [70]
e tmax = [30, 300]

FA2 [33] e iterations = [100, 1000], [32]
e gravity = [1.0, 6.0],
* scaling ratio = [1.0, 5.0]

FR [25] r=[1.0,3.0], [47]
* weight = None

SFDP [31] <C=(0.0,5.0], [47]
*p=1(0.0,5.0]

5.1.2 Model Configuration

The DiftGraph model is implemented using PyTorch [45] and PyTorch
Geometric [12]. The noise predictor is composed of two layers of
EGNN blocks. We configure the Laplacian positional encoding dimen-
sion k to three and set the hidden dimension to 256. The number of
timesteps T is set to 500. For graph feature augmentation, we incor-
porate local edges linking nodes to their neighbors within three hops
(m=3) and global edges connecting nodes within a physical neighbor-
hood defined by a radius of three (7=3).

For the training phase, the model employs stochastic gradient descent
with a batch size of 64 on a single NVIDIA Titan RTX GPU with 24GB
of memory. We use the AdamW optimizer with a learning rate of
Se-4 and a weight decay of 0.01. During constrained generation, the
model performs resampling twice at each timestep. A single model was
used to learn multiple potential layouts concurrently for each graph,
with constraints applied to guide the generation process. The average
training time for the model is about 10 hours.

5.1.3 Evaluation Metrics

We used the following metrics to evaluate layout results from multiple
perspectives. The detailed calculations for the following metric can be
found in the Appendix A.

IRome Graphs: http://www.graphdrawing.org/data.html
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Figure 3: Qualitative comparison of the layouts generated by the DiffGraph model with Kamada-Kawai(KK) methods’ layouts. N is the number of
graph nodes. The grafo series comes from the Rome dataset, and other graphs are from SuiteSparse Matrix Collection [38].

Stress (m;) [58, 62] quantifies the difference between the geomet-
ric distances of the nodes and their corresponding graph-theoretical
distances, normalized by the node count.

Edge Crossing (m,.) [20,63] quantifies the ratio between the actual
number of edge crossings in a graph layout and the maximum possible
number of edge crossings.

Edge Angle (m,) measures the sum of acute crossing angles between
edges in the layout.

Edge Variation (m,) [41,48] is used to measure the variation of
edge lengths within a graph layout.

Neighbors Preservation (m,,) [1,20] is used to assess whether struc-
turally close nodes also exhibit proximity in the layout by computing
the overlap rate of a node’s k-hop neighborhood and its nearest nodes.

Minimum Angle (a,,;,) [1,48] measures the average deviation of
the angle of the adjacent incident edge from the ideal minimum angle.
It is calculated as the ratio between the minimum incident of the node
and the optimal angle, which is determined by the degree of the node.

Root-Mean-Square Error (RMSE) [41] is to quantify the difference
between model-generated layouts and ground truth.

Coefficient of Determination (R2) [41] evaluates the fitness of the
model to the observed data. Values closer to 1 indicate better suitability.

5.2 Graph Layout Generation
5.2.1 Unconstrained Layout Generation

We began by assessing the model’s unconstrained generation capability.
Figure 3 presents a comparative analysis of DiffGraph against the
Kamada-Kawai(KK) algorithm. In particular, the key features of the
layout captured by DiffGraph are highlighted using the gray background
in Figure 3. Although the layouts generated by DiffGraph may exhibit
minor rotational differences from the ground truth due to rotational and
translational invariance, these differences do not detract from overall
layout quality. These results indicate that DiffGraph can learn the
layout characteristics of the training samples and generate layouts
of reasonable quality for unseen graphs. To further evaluate the
robustness of the generative process, we additionally assess the stability
under fixed random seeds and the diversity across different random
seeds in the appendix.

5.2.2 Controlled Layout Generation with Local Constraints

Local constraints allow users to express their preferences by specify-
ing the relative positions of certain nodes. These nodes may form a
subgraph or consist of multiple disconnected components. During the
generation process, DiffGraph incorporates these local constraints into
the model output to produce layouts that adhere to them, as detailed in
Section 4.4. These constraints encompassed shapes such as squares,
circles, lines, or highly specific structures, with multiple constraints
applied in a single graph. The results shown in Fig. 4 demonstrate that
DiffGraph adheres consistently to the constraints and produces diverse
layouts for a given graph under varying constraints.

To evaluate the effectiveness of our method, we conducted qualitative
and quantitative evaluations against the previous method, ICGV [64], as
shown in Figure 5 and Table 2. Applying the same local constraints to

the same graph, we calculated the percentage difference (PD) between
the layout results of DiffGraph (Metric(C)) and ICGV (Metric(I)) in
the corresponding metrics, as shown in Table 2.

_ Metric(C) — Metric(I)

PD = 100%
Metric(I) % 7

®

Negative values indicate that DiffGraph outperforms ICGV, while posi-
tive values indicate the opposite. Overall, our method performs better
than ICGV in most metrics, demonstrating that the diffusion model
can effectively incorporate local constraint features during the denois-
ing process. We also observe that PD exhibits greater fluctuations for
graphs with fewer nodes, although these differences diminish as the
number of nodes increases.

In addition, to provide a more comprehensive assessment of the
model’s behavior, we analyze a set of extreme constraints in the ap-
pendix, referred to as structurally inconsistent constraints, that may
adversely affect layout quality.

Table 2: Quantitative comparison of methods DiffGraph and ICGV. We
impose the same local constraints on each graph and calculate the dif-
ference ratio of their metrics. Negative values indicate that DiffGraph
performs better than ICGV. Rome denotes the aggregate metric differ-
ence calculated from 1,000 test graphs selected from the Rome dataset.
Other graphs are sourced from the SuiteSparse Matrix Collection [38].

Graph My me my m, my

Rome -6.6% -28.7% -32.6% -1.5% -5.7%
Gl 5.6% -125% -152% -54% -7.2%
Ip_share2b -3.8% -2.6% 43% -14% -3.2%
rajatl1 21% -1.4% -2.0% 0.8% 1.5%
bespwr04 1.1% -3.5% -2.2% 1.8% -2.5%

5.2.3 Controlled Layout Generation with Global Constraints

Global constraints enable users to specify specific metrics of the graph
layout, thereby influencing the overall layout results. To maintain con-
sistency with the metrics referenced earlier, we adopted the five metrics
to evaluate graph layouts outlined in Section 5.1.3: edge crossing, edge
variation, minimum angle, neighbors preservation, and stress. To im-
prove user comprehension of the strengths of these metrics, their value
ranges were normalized to the interval [0, 1]. We calculated the corre-
sponding metric values for all layouts in our training set and inputted
them into the model as described in Section 4.2. During the inference
process, we can specify the desired metric value as the global constraint,
which guides the layout generation process.

When evaluating the effectiveness of our approach, we note that
comparing the absolute difference between specified global constraint
values and computed metric values is impractical due to normalization.
Instead, we assessed their positive correlation to validate our method:
whether an increase in the global constraint corresponds to an increase
in the computed metric value of the inferred layout. To quantitatively



Figure 4: Th figure shows possible results obtained by applying two different local constraints to the same graph. In each group, the left side shows
the local constraint specified on the original graph, and the right side shows the layout generated under that constraint. Each subfigure illustrates
how different local constraints lead to different visualization results for the same graph.
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Figure 5: Qualitative comparison between DiffGraph and ICGV. The
grafo series comes from the Rome dataset. Graph rajat11 is taken from
SuiteSparse Matrix Collection [38]. In the ICGV layout results, red dotted
marks highlight the edge crossings in the graph layout results.

measure this correlation, we employed the Pearson Correlation Coeffi-
cient (P.) as an indicator, which is used to measure the strength of the
linear correlation between two groups of variables. The closer P, is to
one, the more linearly correlated the two variables are.

In our experiments, we randomly selected 200 graphs from the test
set, ensuring an even distribution of node counts. For each metric, we
set global constraint values @ as [0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9, 1.0], to guide DiffGraph in generating 11 layouts for each
graph. The actual metric values of the generated layouts were then
calculated as Y to calculate P.. The results in Figure 6 display node
count on the horizontal axis and P, on the vertical axis. Across the five
metrics, the coefficient P, approaches 1, indicating a positive correlation
between the global constraints specified and the actual metric values
of the generated layouts. Notably, as node count increases, P, tends
to approach 1 more closely, possibly because graphs with fewer nodes
exhibit limited layout variation, which limits metric differentiation.
In contrast, the number of nodes expands the layout variation space,
allowing DiffGraph to better generate layouts consistent with global
constraints. In general, this experiment demonstrates that DiffGraph
adheres effectively to global constraint guidance, producing layouts
with a positive correlation to the specified constraints.

In addition, we illustrate the effect of varying the edge variation
global constraint on the generated layouts, as shown in Figure 7. As the
edge variation metric increases, the edge lengths of the graph become
noticeably more uneven. Specifically, lower edge variation values
produce more uniform and aesthetically pleasing layouts, while higher
values result in more pronounced primary structures with contracted
edge formations. Moreover, we show the generation results under

several additional sets of global constraints in the appendix.

5.3 Ablation Study

We conducted an ablation study and trained different models on Rome
graphs. Each model generated 1000 graph layouts, followed by a quan-
titative evaluation of each model’s generation performance using the
aforementioned metrics. Table 3 presents the results of the similarities
based on aesthetic metric. In this table, GCN, GIN, and GAT indicate
that we used different common graph neural networks as the backbone
network in DiffGraph rather than the EGNNs. Given that common
GNNs do not account for rotation and translation invariance, their ef-
fectiveness is significantly diminished, emphasizing the necessity of
EGNNS s in graph layout generation tasks. The entry labeled No Global
Edges indicates that we did not incorporate global edges during graph
feature augmentation (see Section 4.2), and other configurations remain
consistent with DiffGraph. Nevertheless, the model experienced a no-
table decline in performance without global edges, emphasizing the
significance of dynamically adding them based on the nodes’ actual
positions. RandomWalkPE refers to using the random walk positional
encoding to initialize the features of the nodes in DiffGraph, in contrast
to the Laplacian eigenvector positional encoding. These two encoding
methods do not show significant variance in performance. However,
Laplacian encoding exhibits slightly superior overall effectiveness, with
only minor discrepancies observed in the edge variation and neighbor
preservation metrics.

5.4 Usage Scenario

We present a usage scenario to demonstrate how DiffGraph can support
practical graph analysis workflows. After obtaining a trained model,
analysts can use global and local constraints to progressively refine
graph layouts according to their evolving analysis goals, as illustrated in
Figure 8. Rather than treating graph layout as a one-shot optimization
result, this scenario presents graph exploration as an iterative sense-
making process in which analysts inspect an initial overview, identify
structures of interest, formulate layout intentions as constraints, and
generate alternative layouts for further analysis.

The usage scenario is based on the Les Misérables character co-
occurrence network [37], which represents relationships among major
characters in the novel. Figure 8(a) shows the initial layout generated.
This layout provides a general overview of the network, allowing the
analyst to identify highly connected characters and approximate com-
munity structure. However, some character groups remain visually
entangled, making it difficult to distinguish communities.

To support community-level exploration, the analyst first applies a
global constraint by setting a high neighbor preservation value. This
constraint encourages structurally close nodes to remain spatially close
in the generated layout. As shown in Figure 8(b), the resulting layout
makes densely connected character groups more visually coherent.
This helps the analyst distinguish major communities in the overall
network. In this step, the global constraint serves as a high-level
steering mechanism for transforming an ambiguous overview into a
layout that better supports community inspection.
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Figure 6: This figure presents box plots that illustrate the Pearson correlation coefficient between the predefined global constraint values and the
actual layout metrics. The x-axis is the number of nodes. The y-axis is the Pearson correlation coefficient P..

Table 3: The quantitative evaluation of aesthetic metrics-based similarity on the Rome graphs among six methods. The best performance is shown in

bold, while the second best is underlined.

Methods Edge Crossing Edge Variation Minimum Angle Neighbors Preservaion Stress
RMSE|! R24+  RMSE] RZ 1 RMSE | RZ 1 RMSE | RZ 4 RMSE | RZ 1
GCN 02147  -1.2E+3 0.0164 -25.1467  0.3136  -11.4517  0.4479 -5.5374 459871  -6.7TE+5
GIN 0.1777  -8.1E+2 0.0176 -28.9209 03109  -11.3560  0.4363 -5.3508 8.9E+28 -2.5E+60
GAT 02161  -1.2E+3 0.0196 -36.2213  0.3139  -11.4707  0.4519 -5.6555 45.0462  -6.4E+5
No Global Edges | 0.0787  -1.5E+2 0.0129 -15.0486  0.1027 -0.3347 0.1314 0.4377 0.0744 -0.7453
RandomWalkPE 0.0038 0.6308  0.0027 0.2882 0.0243 0.9251 0.0473 0.9390 0.0636 -0.2787
DiffGraph 0.0034 0.7097  0.0027 0.2683 0.0242 0.9261 0.0467 0.9290 0.0428 0.4231
0.0 0.2 0.4 0.6 0.8 1.0

edge variation increasing — »

1

Figure 7: This figure presents graph layouts generated by DiffGraph,
constrained globally by the edge variation metric and assessed across a
range of values. Each row corresponds to the same graph.

After obtaining a clearer community-level layout, the analyst fo-
cuses on a selected group of characters for detailed inspection. For
example, the analyst may select communities containing several central
characters and examine how these groups connect to other nodes. A
local constraint is then applied to arrange the selected nodes into a
compact and interpretable structure, so that their internal relationships
and external links can be inspected. As shown in Figure 8(c), the con-
strained layout preserves the analyst-specified local arrangement while
maintaining the surrounding graph context. This allows the analyst
to inspect whether the selected characters form a cohesive group and
whether some nodes serve as bridges to other communities.

Finally, by combining global and local constraints, DiffGraph gener-
ates a layout that supports both overview and detail-oriented analysis,
as shown in Figure 8(d). The analyst can simultaneously observe the
community-level organization of the network and inspect a selected
subgraph in a more controlled and interpretable form. This workflow
demonstrates that the constraints in DiffGraph are not merely numerical
controls over layout metrics. Instead, they can be used to express practi-
cal analytical intentions, such as emphasizing communities, preserving
meaningful subgraph structures, comparing alternative organizations of
selected nodes, and inspecting bridge relationships between groups.

This scenario illustrates how DiffGraph can be integrated into a real-
istic graph analysis workflow. Graph exploration is often an iterative
process in which analysts move between overview, focus, comparison,
and refinement. A fixed automatically generated layout may provide
a useful starting point, but it often cannot accommodate the analyst’s
changing interests during exploration. DiffGraph supports this process
by allowing analysts to use global constraints to steer high-level layout
properties, such as community separation or neighborhood preservation,

Neighbors Preservation—0.9

Figure 8: A usage scenario for DiffGraph on the Les Misérables character
co-occurrence network. (a) original graph layout, (b) adding global
constraints, (c) adding local constraints, and (d) generating the final
layout.

and use local constraints to refine specific regions of interest. Analysts
can then generate and compare alternative layouts under different con-
straints to examine whether visual patterns remain consistent.

5.5 User Study

We implemented an interactive prototype system based on DiffGraph
and conducted a user study to examine whether users could understand
the proposed constraint mechanism and whether the generated layouts
were perceived as satisfying meaningful analytical intentions. We
recruited 10 participants, including graduate students and researchers
with experience in graph visualizations.

The study used representative publicly available graphs with rec-
ognizable structural patterns, including the Les Misérables character
co-occurrence network and the Political Books co-purchasing network?.
These graphs were selected because they contain interpretable com-
munities or meaningful node relationships, allowing participants to
formulate layout intentions. At the beginning of the study, participants
were shown the initial layout of each graph and were briefly introduced
to the meanings of local and global constraints. They were then asked
to freely explore the graph using the DiffGraph prototype system, with
the general goal of identifying meaningful graph structures, such as
communities and bridge nodes.

During the exploration process, participants could use both types
of constraints supported by DiffGraph. Participants were encouraged
to iteratively adjust constraints, inspect the generated layouts, and
compare alternative results during exploration. This process allowed
them to use global constraints for high-level layout steering and local
constraints for detailed inspection of specific subgraphs.

Zhttps://networks.skewed.de/net/polbooks



After the exploration task, participants rated the constraint-guided
layout generation process using a five-point Likert scale. Overall,
participants gave positive ratings for constraint understandability (1 =
4.40,0 = 0.52), expressiveness of layout intentions (4 = 4.20,0 =
0.79), perceived constraint satisfaction (U = 4.50,0 = 0.53), layout
readability (4 = 4.60, 6 = 0.52), and usefulness for exploratory graph
analysis (U = 4.50,0 = 0.53). In the post-study interview, participants
reported that local constraints helped them inspect selected subgraphs,
while global constraints were useful for steering community separation,
edge uniformity, and visual clutter. Some participants also noted that
global metric-based constraints were less intuitive than local constraints.
These findings complement the quantitative evaluation by showing that
DiftGraph’s constraints were perceived as meaningful and interpretable
in exploratory graph analysis.

6 DiscussioN AND FUTURE WORK

DiffGraph is designed to address the controllable graph layout gen-
eration task with deep learning. Our experimental results provide
preliminary evidence that the model supports constrained generation by
incorporating layout expectations as local or global constraints. To our
knowledge, this work indicates an initial exploration of applying diffu-
sion models to graph layout. Although the findings are encouraging,
further investigation and more comprehensive evaluations are needed
to fully establish the effectiveness of this approach.

Supporting Realistic Graph Analysis Workflows. DiffGraph can
support realistic graph analysis workflows by enabling iterative, human-
guided layout exploration. In practice, analysts often need to inspect
graph structures at different scales and refine visual representations
according to evolving analytical goals. By allowing users to specify
both global layout properties and local node arrangements, DiffGraph
turns layout generation from a one-shot automatic process into a con-
trollable exploration process. Analysts can use global constraints to
steer overall visual characteristics, such as community separation or
neighborhood preservation, and then apply local constraints to focus
on regions of interest while maintaining the surrounding graph context.
This workflow helps users examine alternative visual organizations
and investigate network structures from multiple perspectives. More
broadly, DiffGraph illustrates how analytical intent can be incorporated
directly into graph layout generation, supporting a human-in-the-loop
approach to graph visualization.

Inference Time. DiftGraph uses diffusion models, recognized for
their remarkable expressiveness, enabling effective learning of the
data distribution of the training set and the production of high-quality
graph layouts. On the Rome dataset, the inference time of DiffGraph
depends primarily on the number of denoising steps, while the size of
the graph has a relatively limited impact on the inference time, since
GPU memory can accommodate the entire graph for parallel processing.
We evaluated the impact of denoising steps (200-5000) on inference
time, finding a range of less than one second to over 15 seconds. In
particular, a setting of 200 denoising steps yields satisfactory graph
layouts. More specifically, the overall average time for 200 denoising
steps is about 0.8 seconds. Further details on graph layout generation
across different denoising steps are available in the Appendix. In
addition, several techniques [44, 54] have been developed to improve
the inference efficiency of diffusion models. For example, DDIM [54]
can accelerate sampling and reduce inference time. Moreover, the
denoising process in DiffGraph could be further optimized, for example,
employing larger batch sizes. In the future, we plan to further explore
the utilization of diffusion models in different graph layout scenarios.

Comparison with the Subgraph Matching Algorithm. DiffGraph
can incorporate the constraints provided in the layout generation pro-
cess and produce multiple layouts for a given graph, as demonstrated
in Figure 4. This constrained generation process differs significantly
from dataset-based subgraph matching. First, the subgraph matching
approach cannot cover all graph structures because it requires gener-
ating graph layouts based on different layout algorithms before the
matching process. In contrast, DiffGraph can capture the graph and
layout features of a sample set and then apply them to generate layouts
for new graphs. Second, when handling a sizable dataset, the subgraph

matching approach for layout retrieval becomes impractical due to its
time-intensive nature. In comparison, DiffGraph implicitly learns the
layout knowledge of graphs, ensuring that expanding the dataset does
not increase the time required for the generation of the layout.

Additional Approaches for Constrained Graph Layout Genera-
tion. In this study, our approach integrates local and global constraints
to steer the generation process toward layouts aligned with user ex-
pectations. The flexibility of the diffusion framework allows us to
handle multiple types of generation tasks—general generation, local
constraints, and global constraints—within a single unified process.
Although this method effectively reflects user preferences, it does not
suggest that our constraint-based approach is flawless. For example,
regarding global constraints, we utilized the evaluation metrics of Sec-
tion 5.1.3 in our experiments (see Section 5.2.3) to ensure consistency
and mitigate reader confusion. While these metrics are widely adopted
for layout assessment, they may not adequately capture visual expres-
siveness. In future work, we plan to develop more intuitive metrics,
such as the uniformity of node distribution in layouts or the flatness of
the layout structure, to more effectively represent visual characteristics
of graph layouts. As evident from the design in Section 4.2, DiffGraph
is well-suited to accommodate new metrics.

Moreover, unlike traditional rule-based constrained layout genera-
tion methods, DiffGraph is not tailored to a specific constraint tech-
nique, enabling it to support diverse constraint specifications without
requiring substantial modifications to its core framework. The ability
of DiffGraph to perform constrained generation arises from its inherent
expressiveness, allowing the generation of multiple layouts for a given
graph. Constraints act as a guiding mechanism for the pre-trained
model, ensuring that the generated layouts align with user expectations.
In our approach, both local and global constraints are implemented
within the consistent main structure of DiffGraph, with only minor
differences in input specifications. In future work, we aim to enhance
DiftGraph by integrating additional constraint methods, making the con-
strained generation process more intuitive. These extensions include
cluster shape constraints for controlling the geometric organization of
node groups and community boundary constraints for regulating inter-
group separation and interaction patterns, thereby improving layout
interpretability. We also plan to support sketch-based constraints and
natural language instructions, allowing users to specify layout intent in
a more natural and intuitive manner.

Scalability. Our evaluation focuses on graphs with up to thousands
of nodes. Scaling DiffGraph to substantially larger graphs is challeng-
ing because diffusion-based generation requires multiple denoising
steps, and each step performs GNNs updates over nodes and edges.
Consequently, both inference time and memory consumption increase
with graph size, which may limit direct application to graphs with hun-
dreds of thousands or millions of nodes. In addition, training models for
large-scale graph layout generation would require substantially larger
and more diverse layout datasets, which are currently difficult to obtain.
The lack of publicly available large-scale graph layout benchmarks with
reliable reference layouts also makes rigorous quantitative evaluation
challenging. Future work could explore multilevel, sampling-based, or
subgraph-based diffusion architectures to improve scalability.

7 CONCLUSION

This paper presents DiffGraph, a controllable method for generating
graph layout based on diffusion models. The core architecture of Dift-
Graph uses DDPMs with GNNSs. In addition, DiffGraph incorporates
a node feature and a graph feature enhancement technique to capture
graph layout characteristics more effectively. By incorporating user-
specified layout expectations as local and global constraints, DiffGraph
allows constrained generation within the layout generation process. We
evaluated DiffGraph through both qualitative and quantitative experi-
ments. The results indicate that DiffGraph is capable of capturing the
characteristics of the layout of the training set and generating layouts of
comparable quality. Furthermore, DiffGraph can produce different lay-
outs for a given graph under varying constraints. These findings suggest
that DiffGraph is feasible for graph layout generation, and diffusion
models may offer a promising direction for further exploration.
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A EVALUATION METRICS COMPUTATION

We used the following metrics to evaluate layout results from multiple
perspectives. The computations of these metrics are shown below.
Stress (m;) [58, 62] quantifies the difference between the geomet-
ric distances of the nodes and their corresponding graph-theoretical
distances, normalized by the node count. The calculation is as follows:

Y wii(1Xi =Xl = 8%, wij=8;" )
ijev

mg = N
where X; represents the position of node i in the layout and &;; denotes
the graph-theoretical distance between nodes i and ;.

Edge Crossing (m,.) [20,63] quantifies the ratio between the actual
number of edge crossings (denoted e) in a graph layout and the max-

imum possible number of edge crossings (denoted e;4,). It can be
calculated as follows:

{1— Sy if emax >0
— e ‘
1, otherwise
(10)
E[(E|—1) 1
emar = FUEZD L 3 (e (deg(v) — 1)

veV

Edge Angle (m,) measures the sum of acute crossing angles between
edges in the layout The calculation is as follows:

ma= )

(u,v)ecrossings(G)

—

. 71
arcsin < —-—,
[l

1L

v >‘
[l

Edge Variation (m,) [41,48] is used to measure the variation of
edge lengths within a graph layout. It can be calculated as follows:

— )2
Mo — 1 ZeeE(le l) (12)

b VIE-1 |E|I|?

Neighbors Preservation (m,,) [1,20] is used to assess whether struc-
turally close nodes also exhibit proximity in the layout by computing
the overlap rate of a node’s k-hop neighborhood N and its nearest |N|
nodes M in the layout.

Ny M,

mnzl—L (13)

VI INUM,|

Minimum Angle (a,,i,) [1,48] measures the average deviation of
the angle of the adjacent incident edge from the ideal minimum angle.
It is calculated as the ratio between the minimum incident of the node
and the optimal angle, which is determined by the degree of the node.

1 N |9i - 9[ min| 360°
=1—-— I 0= —
a N Z‘, 6 " deg(w)

(14)
Root-Mean-Square Error (RMSE) [41] is to quantify the difference
between model-generated layouts and ground truth. It can be defined

as follows.
. 1 .
RMSE(Y,Y) = \/ ;Z()’i —)?
i

Here, y; and y; represent the aesthetic metric value of a ground truth
layout and a model-generated layout. ¥ and ¥ denote the set of ground
truth layouts n and model-generated layouts, respectively. The smaller
the RMSE value, the higher the similarity.

Coefficient of Determination (Rz) [41] evaluates the fitness of the
model to the observed data. A value closer to 1 indicates a better
suitability. It can be calculated as follows, where y; is the mean of y;.

15)

Yi(vi—¥i)?

R?=1-
Yi(vi—yi)?

(16)

Pearson Correlation Coefficient (P,) [46] is a statistic used to mea-
sure the strength of linear correlation between two groups of variables
[X,Y]. Its value range is [-1,1], where: P, = 1, fully positive linear
correlation, that is, Y strictly increases with the increase of X; P, = -1,
completely negative linear correlation, that is, Y decreases strictly with
the increase of X; P, = 0, no linear correlation. Its calculation is as
follows:

_ Cov(X,Y)
°7 oX.oY
1 . .
Cov(X,Y):;i:Zi(Xz—X)(Yi_Y) (17)
R T _ Sy worp
oX = nZ(X, X)?, oY= nX(Z Y)

B ADDITIONAL RESULTS
B.1 General Layout Generation

To demonstrate the effectiveness of our model, we compared DiffGraph
with several baseline methods, as well as DeepGD and SmartGD. The
results are shown in Table 4. We use two metrics: the number of edge
crossings (Cross) and Stress as optimization metrics to train SmartGD
respectively. SmartGD [62] uses a self-challenging mechanism that
allows it to outperform many baseline methods in the metric which the
model optimizes. For example, Stress Stress(my) in SmartGD (Stress)
outperforms many other baseline methods, but it does not necessarily
outperform the baseline methods in other metrics. Similarly, the Edge
Crossing (m.) and Edge Angle(m,) in SmartGD (Cross) outperform
other methods, but other metrics are relatively poor. In summary, while
DiffGraph may not outperform specific optimization methods on a
single metric, it performs exceptionally well on all five metrics.

Table 4: Comparison of DiffGraph with baseline methods.

Method ms | me | mg | my | my |
FA2 [33] 79446 48.28 2449 0319 0.511
Spring [11] 638.88 57.74 31.18 0.122 0.640
Neato [17] 51456 5721 29.11 0.124 0.660
SFDP [31] 578.27 51.24 26.69 0.105 0.618
SGD [71] 487.78 5428 2722 0.116 0.647
KK [34] 505.22 55.84 28.10 0.122 0.656
DeepGD(Stress) [61] 469.53 55.19 27.86 0.115 0.645
SmartGD(Cross) [62] 675.73 3333 16.04 0.289 0.520
SmartGD(Stress) [62] 465.59 56.23 2837 0.119 0.646
DiffGraph 48340 38.58 1845 0.125 0.530

B.2 Failure Cases of Local Constraint Guidance

During the systematic evaluation of a broader range of local constraints,
we paid particular attention to extreme constraint scenarios, such as
forcibly reducing the geometric distance between topologically distant
nodes or artificially enlarging the spatial separation between topolog-
ically adjacent nodes. In this work, we term such constraints struc-
turally inconsistent constraints, as they contradict the underlying
topological structure of the graph and tend to impair layout quality.
Experimental results indicate that the introduction of such incompatible
constraints often leads to a substantial degradation in overall layout
quality, manifested by blurred structural semantics and a noticeable
increase in edge crossings, as shown in Figure 9.

To better understand this phenomenon, we identify two primary
factors that contribute to the deterioration of the layout performance.

Topology—Geometry Inconsistency. Local constraints may conflict
with the intrinsic relationship between graph topology and spatial lay-
out. For example, forcing topologically distant nodes to be spatially
close, or separating strongly connected nodes, can violate the structural
fidelity that graph layouts are expected to preserve. Such conflicts
weaken the correspondence between topology and geometry and may
produce layouts that no longer faithfully reflect the underlying graph
structure.



Disruption of Local Topological Ordering. Some constraints may
also disturb the inherent ordering of local subgraphs. For example,
compressing a grid-like structure into a near-linear arrangement, or
reversing the order of nodes that follow a circular pattern, can distort
local directional or structural information. These cases suggest that
local constraints should be specified in a way that respects the original
topological relationships within the selected subgraph.
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Figure 9: Examples of some extreme local constraint generation exam-
ples.

B.3 Controlled Layout Generation with Global Constraints

In the main text, we highlighted the effect of varying the edge varia-
tion global constraint on the generated layouts. Here, we present the
generation results under several additional sets of global constraints, as
shown in Figure 10.

Edge
Crossing

Minimum
Angla

Neighbars
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[

Figure 10: This figure shows the layout results of DiffGraph under the four
global constraints Edge Crossing, Minimum Angle, Neighbors Preserva-
tion, and Stress.

C SENSITIVITY ANALYSIS
C.1 Inference Time

DiffGraph is implemented based on diffusion models, recognized for
remarkable expressiveness. Diffusion models transition data from
disorder to equilibrium state by performing denoising steps iteratively.

First, we evaluated the inference time of DiftfGraph at different de-
noising steps (200-5000) based on the Rome dataset. The results are
depicted in Figure 11, with a single NVIDIA Titan RTX GPU of 24GB
memory. We observed that as the number of denoising steps increases,
the inference time of DiffGraph also increases correspondingly. How-
ever, within each denoising step, the inference time remains almost
unchanged despite the increase in the number of nodes. This indicates
that in the Rome dataset with a small number of nodes, the inference
time of DiftGraph is primarily determined by the number of denoising
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Figure 11: The inference time of DiffGraph in different denoising steps
and node count.

steps rather than the size of the graph. Furthermore, we present the
graph layout results of each denoising step, as shown in Figure 13 (5000
steps), Figure 14 (3000 steps), Figure 15 (1000 steps), Figure 16 (500
steps), Figure 17 (200 steps). By comparing these results, we found
no significant differences in the layout effectiveness among different
denoising steps. The model with 200 denoising steps can still generate
satisfactory layouts, with the inference time below 1 second.
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Figure 12: Inference latency of DiffGraph (with 200 denoising steps) as
the number of nodes increases.

Additionally, we evaluated the inference time of the model with 200
denoising steps on graphs containing a larger number of nodes. As
shown in Figure 12, the increase in inference latency grows relatively
slowly with respect to node count. This mild scaling behavior is at-
tributable to GPU memory capacity. When the entire graph fits within
the available video memory and can be processed in a single forward
pass without batching or memory swapping, computational overhead
remains low, leading to sub-linear growth in runtime.

C.2 Stability Evaluation

To systematically evaluate the stability and diversity of the proposed
layout generation method, we conducted a seed sensitivity analysis on
100 graphs randomly sampled from the evaluation set. For each graph,
a total of 200 layouts were generated: 100 layouts using a fixed random
seed to assess reproducibility, and another 100 layouts using different
random seeds to examine the diversity of generated solutions. In total,
20,000 layouts were analyzed for each layout mode to quantify the
impact of random seed variations on the consistency and stability of
the resulting layouts.

In principle, under an identical random seed, the model is expected
to produce highly consistent layouts, demonstrating its determinism and



reproducibility. Conversely, when different random seeds are employed,
the model should generate structurally diverse yet high-quality layouts,
thereby exhibiting its ability to explore multiple plausible solutions
within the layout space while maintaining robustness and stable layout
quality.

To quantify the structural consistency among layouts produced under
different initializations, we introduce the Relative Distance Matrix
Difference (RDMD). Given a layout L with node coordinates {xi}?’: 15
we first compute its pairwise Euclidean distance matrix

DY) = [dij]nxn,

where
d,'j = HXI' 7Xj”2.
To eliminate the influence of scale variation, the distance matrix is
normalized as
~ max(DL))’
The RDMD between two layouts L, and L, is then defined as

RDMD(L,, L) = H—

where || - | denotes the Frobenius norm.

Since pairwise distances are invariant to translation and rotation,
and the normalization removes scaling effects, RDMD measures only
differences in the relative spatial organization of nodes. Therefore, it
provides a direct assessment of whether different random initializations
lead to substantially different layout structures.

For each graph, we compute RDMD for all pairs of generated lay-
outs and report the average value over the entire benchmark. A lower
RDMD value indicates that the generated layouts preserve the relative
geometric relationships among nodes consistently across multiple runs,
reflecting strong reproducibility and stability of the proposed method.
In contrast, a higher RDMD value suggests substantial structural differ-
ences among generated layouts, indicating a greater degree of layout
diversity. This demonstrates the model’s capability to produce multiple
plausible solutions and facilitates users’ exploration of the solution
space from different perspectives, thereby supporting interactive anal-
ysis and informed layout selection. The final results are shown in
Table 5.

Table 5: RDMD for different layout modes.

Mode Fixed Seed Different Seeds
RDMD-Mean RDMD-Std RDMD-Mean RDMD-Std
General Layout 2.30e-7 7.95e-8 0.150 0.059
Local Constraints 3.11e-7 8.52¢-8 0.144 0.048
Global Constraints 5.82e-7 9.45e-8 0.158 0.062

In addition, we employ the Coefficient of Variation (CV) to quantify
the variability of generated layouts under different random seeds with
respect to a given layout metric. It is defined as follows:

cv =2 x100%
u

where ¢ and u denote the standard deviation and mean value of
the metric across multiple generated layouts, respectively. As a di-
mensionless measure of relative dispersion, the coefficient of variation
effectively eliminates the influence of measurement scales and mean
magnitudes, enabling a more objective comparison of performance
fluctuations across different metrics. A lower CV value indicates that
layouts generated with different random seeds exhibit greater consis-
tency and stability with respect to the evaluated metric.

Under the fixed-seed setting, the resulting RDMD scores consis-
tently remain close to zero, indicating that the proposed model produces
highly consistent layouts when initialized with the same random seed.

Table 6: Coefficient of variation in metrics for different seed layouts.

Mode mg me my my, my

General Layout 53% 48% 39% 55% 3.5%
Local Constraints 56% 50% 37% 52% 3.7%
Global Constraints 63% 53% 45% 59% 4.3%

This demonstrates strong stability and reproducibility of the genera-
tion process. In contrast, under different random seed settings, the
RDMD scores increase substantially, indicating that the generated lay-
outs exhibit significant geometric diversity. Meanwhile, the relatively
low CV values suggest that, despite noticeable variations in layout
configurations, the generated results remain highly consistent with re-
spect to key evaluation metrics. This observation demonstrates that
the proposed method is capable of producing diverse layout solutions
while preserving stable layout quality and structural validity. Taken
together, these results demonstrate that the proposed method effectively
balances generation stability and solution-space diversity, achieving
both reliable reproducibility and rich exploratory capability in graph
layout generation.
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Figure 13: The Rome graph layouts generated by DiffGraph in 5000 denoising steps.
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Figure 14: The Rome graph layouts generated by DiffGraph in 3000 denoising steps.
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Figure 15: The Rome graph layouts generated by DiffGraph in 1000 denoising steps.
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Figure 16: The Rome graph layouts generated by DiffGraph in 500 denoising steps.



Time Step = 200

— L |
e L
P ]

L)

Figure 17: The Rome graph layouts generated by DiffGraph in 200 denoising steps.
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