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Abstract. Controllable graph generation often requires embedding graph
structure and target properties within a single generative model, making
the incorporation of new constraints costly and limiting modularity. In
this work-in-progress paper, we introduce GraphVAEBM, a framework
that separates graph generation from property modeling. A Graph Varia-
tional Autoencoder is first trained to learn a continuous graph manifold
and then frozen, while independent Energy-Based Models are trained
to represent specific graph properties. This formulation enables the ad-
dition of new properties without retraining the generator. In addition,
property-guided graph manipulation is performed through Langevin dy-
namics in the decoder noise space, with energies evaluated on decoded
graph samples, resulting in a continuous optimization landscape that
is easier to explore than the combinatorial graph space. Experiments on
Stochastic Block Models show that the learned energy landscapes induce
stable transitions between structural graph classes and support control-
lable graph transformations1.

Keywords: Graph Manipulation · Energy-Based Models · Graph Rep-
resentation Learning

1 Introduction

Despite recent advances in graph generative models, controllable graph genera-
tion remains challenging. Existing approaches typically learn graph structure and
target properties within a single generative model, making the introduction of
new constraints dependent on retraining or additional conditioning mechanisms
[10,28,22]. This coupling limits modularity and complicates the composition of
multiple graph properties. We propose GraphVAEBM, a framework that explic-
itly separates graph generation from property modeling. A Graph Variational
Autoencoder (GVAE) [13] is first trained to learn a continuous graph manifold
capturing the global structure of the data. The GVAE is then frozen, while in-
dependent Energy-Based Models (EBMs) [6,5] are trained to represent specific
1 Code is available at https://github.com/cMancio00/GVAEBM.
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Fig. 1: Our GraphVAEBM is composed of a GraphVAE generator (including the
prior and decoder) and swappable energy function that operates on samples g
generated by the GraphVAE.

graph properties. Desired properties are enforced through energy-guided trans-
formations on the learned manifold rather than by modifying the generator itself.
To avoid sampling directly in the discrete graph domain, we perform Langevin
dynamics in the continuous noise space underlying the GVAE decoder while
evaluating energies on decoded graph samples. This enables property-guided
graph manipulation while exploiting the smooth geometry of the learned graph
manifold.

The proposed framework is modular: new properties can be incorporated by
training additional lightweight energy models, and used at inference time. We
evaluate GraphVAEBM on Stochastic Block Model graphs and show that energy-
guided trajectories induce transitions between structural graph classes while
remaining stable within the target energy basin. Graph generative modeling
has been widely studied through latent-variable models such as VGAE [13] and
GraphVAE [23], as well as more recent diffusion-based approaches [9,25,20,21].
While these methods achieve strong generative performance, graph properties are
typically encoded within a single model. Energy-Based Models have also been
applied to graph generation and property-guided sampling [15,16], often relying
on Langevin dynamics [26,17] directly in graph space. Other recent methods
refine the generation with an EBM [1,27], but they still operate in the input
space. Our approach instead combines a frozen graph VAE with independent
property-specific EBMs and performs Langevin dynamics in decoder-noise space.
Unlike previous hybrid VAE-EBM frameworks [27], the proposed formulation
naturally supports property modularity without retraining the graph generator.
The proposed architecture is shown in Figure 1.

2 Method

2.1 Graph Variational Autoencoder

Let a graph be denoted by g = (A,X), where A ∈ {0, 1}N×N is the adjacency
matrix and X ∈ RN×d represents node attributes. Following the variational
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autoencoder framework, we introduce a latent variable z ∈ Rm that captures
the global structure of the graph. The generative model factorizes as

pθ(g, z) = p(z)pθX (X|z)pθA(A|z), (1)

where θ = {θX , θA} is the set of generative model’s parameters. The latent prior
p(z) is defined as N (0, I), and the decoder independently reconstructs node
attributes and graph connectivity from the latent graph representation z. In our
implementation, we first use a Multi-Layer Perceptron (MLP) to map the graph
embedding into a set of node embeddings h1, . . . , hV , where V is the number of
nodes to generate (see Figure 1). Then, we sample the node features and the
adjacency matrix by using:

pθX (X|h) = N (µX(h), ΣX(h)) , pθA(A|h) = N
(
f(h), σ2

AI
)
, (2)

where µX(·), ΣX(·) are neural networks with parameters θX , and f(h) is a bilin-
ear layer with parameters θA. The model is trained as usual by maximizing the
evidence lower bound. The learned latent space provides a continuous represen-
tation of graph structure that will later be exploited to perform energy-guided
sampling. The role of the GVAE is not to enforce specific graph properties, but
rather to learn a smooth latent manifold capturing the global distribution of
graphs.

2.2 Modeling Properties with Energy-Based Models

While the GVAE captures the global graph distribution, specific graph properties
are modeled through a collection of independent EBMs. Let c denote a target
graph property. For each property, we define an energy function

Eψc(g) : G → R, (3)

parameterized by ψc, which assigns low energy to graphs exhibiting property c
and higher energy to graphs that do not. Given a dataset D, we partition the
graphs according to the target property:

D+
c = {g ∈ D | c(g) = 1}, D−

c = {g ∈ D | c(g) = 0}. (4)

The energy model is trained using Contrastive Divergence (CD) [24,7,2]. During
the positive phase, samples are drawn from D+

c . For the negative phase, Markov
chains are initialized from graphs belonging to the complementary set D−

c and
refined through a finite number of Langevin dynamics steps. Formally, given an
initial graph g−0 ∼ D−

c , a negative sample g−K is obtained after K Markov Chain
Monte-Carlo (MCMC) iterations [18,19]. We detail how to perform sampling in
Section 2.3. We train the EBM by optimizing the following loss:

L = Eg+ [Eψc
(g+)]− Eg−K [Eψc

(g−K)]︸ ︷︷ ︸
contrastive term

+λ
(
Eg+

[
Eψc

(g+)2
]
+ Eg−K

[
Eψc

(g−K)2
])

︸ ︷︷ ︸
energy regularization

(5)
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Initializing negative chains from complementary-property graphs encourages the
sampler to explore transitions between different regions of the graph space and
empirically improves mixing compared to random initialization. As a result, each
EBM learns an energy landscape associated with a specific graph property while
remaining independent from the underlying generative model.

2.3 Noise-Space Langevin Dynamics

Unlike previous graph EBMs that perform MCMC directly in graph space [15,16],
we perform Langevin dynamics in the continuous noise variables underlying the
decoder. Training and sampling directly in graph space is challenging due to
the discrete nature of graphs and the poor mixing behavior of Markov chains
based on local graph modifications [15,18]. To address this issue, we perform
Langevin dynamics in the continuous noise space underlying the GVAE decoder
while keeping the energy function defined over graphs. The generative model can
be reparameterized through a collection of independent Gaussian noise variables

ε = (εz, εx, εA), ε ∼ N (0, I), (6)

from which latent variables, node attributes and adjacency matrices are gener-
ated through deterministic transformations (see Figure 1):

z = T z(εz), g = T gθ (z, εx, εA) , (7)

where z is the sampled latent graph embedding, and g = (A,X) is the sampled
graph. In our case, T z is the identity function since we assume that z ∼ N (0, I),
while T gθ applies the reparameterization trick [12] to sample from normal dis-
tributions in Equation (2). Combining both mappings yields a deterministic
transformation:

g = Tθ(ε) = T gθ (T z(εz), εx, εA) , (8)

thus, the induced energy on the noise space is:

Ẽψ(ε) = Eψ
(
Tθ(ε)

)
= Eψ(g). (9)

The gradient of the induced energy can be computed through automatic differ-
entiation by propagating gradients through the decoder. Langevin dynamics is
then performed directly in the noise space according to:

εt+1 = εt −
η

2
∇εẼψ(εt) +

√
ηωt, ωt ∼ N (0, I), (10)

where η denotes the step size. The updated noise variables are subsequently
decoded to obtain a new graph sample,

gt+1 = Tθ(εt+1). (11)

To start the negative phase of the Contrastive Divergence in Eq. 5, we can
encode the complementary-property graphs to obtain εz and then sample εx and
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εA from N (0, I), obtaining the initial noise vector ε to use in Eq. 8. Operating
in noise space provides two key advantages. First, the Markov chain evolves in
a continuous Euclidean space, avoiding the difficulties associated with discrete
graph modifications. Second, all variables share a common Gaussian prior and
therefore a comparable scale, allowing a single Langevin dynamics scheme to
jointly refine latent variables, node attributes and graph connectivity.

3 Experiment

3.1 Experimental Setup

We evaluate GraphVAEBM on synthetic graphs generated through Stochastic
Block Models (SBMs). Using this controlled setting, we assess whether the pro-
posed framework can successfully separate global graph generation from property
modeling. The dataset consists of 40K graphs with at most 20 nodes and two
structural classes corresponding to one-community and two-community struc-
tures which are the property of interest. Graphs are generated with an intra-
community connection probability of pin = 0.9 and an extra-community proba-
bility of pextra = 0.01, producing clearly distinguishable community structures.
The single node feature of X is a scalar xf ∼ N (0, 1) for the first community
and xf ∼ N (5, 1) for the second community. In this setting, we consider two
graph distributions:

– EBM-1 models the distribution of graphs with only one community;
– EBM-2 models the distribution of graphs with two communities.

We evaluate each EBM by its ability to transform graphs with complementary
properties into graphs with the desired property. To this end, we initialize the
sampling chain from graphs drawn from the complementary community and
guide it toward the target distribution via Langevin dynamics in the decoder
noise space. The objective of these experiments is not to benchmark graph gen-
eration performance, but rather to verify that the proposed modular framework
can learn property-specific energy landscapes and induce controlled transitions
between graph classes. Further information of model architecture is given in
Appendix A.

3.2 Latent Manifold and Energy Landscape

To analyze the learned graph manifold, we train the GVAE with a two-dimensional
latent space and visualize the latent representations associated with different
community structures. Figure 2 shows the latent embedding together with the
energy landscape induced by the corresponding property-specific EBM. The
learned latent space organizes graphs according to their structural properties,
while the energy function assigns low-energy regions to graphs exhibiting the tar-
get property. This suggests that the GVAE captures a meaningful global graph
manifold and that the EBM successfully identifies regions associated with the de-
sired structural configuration. The resulting landscape provides an interpretable
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(a) Latent space learned
by GVAE.

(b) Energy landscape
learned by EBM-1.

(c) Energy landscape
learned by EBM-2.

Fig. 2: Visualization of the learned graph manifold and the energy landscape
induced by the EBM. The energy function identifies regions corresponding to
the target graph property. GVAE constructs a latent space with one-community
graphs on the left and two-community graphs on the right.

Table 1: Success rate of property-guided graph manipulation. A manipulation is
considered successful when the final graph is assigned to the target community
structure by the Louvain community detection algorithm.

Manipulation Success Intra-density Inter-density

EBM-1 78.00 0.938 ± 0.094 -
EBM-2 69.00 0.950 ± 0.055 0.016 ± 0.040

view of the optimization process performed during Langevin sampling, where
graph transformations correspond to trajectories moving toward low-energy re-
gions associated with the target property.

3.3 Energy-Guided Graph Transitions

To evaluate the ability of GraphVAEBM to manipulate graph properties, we ini-
tialize Langevin chains from graphs belonging to the complementary property
class and iteratively apply energy-guided updates in the decoder noise space. A
manipulation is considered successful if the final graph is assigned to the tar-
get community structure by the Louvain community detection algorithm. As
reported in Table 1, GraphVAEBM achieves a success rate of 78.0% for EBM-
1 and 69.0% for EBM-2. These results indicate that the proposed framework
is capable of inducing controlled structural changes under a fixed pretrained
GVAE decoder. Importantly, the GVAE contains 914 parameters, while the
property-specific EBMs contain 177 parameters, highlighting that the manip-
ulation capability is achieved with a lightweight energy model built on top of
a fixed generative backbone. We further characterize the generated graphs us-
ing intra and inter-community densities. Across runs, graphs classified as the
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(a) Transition toward the one-
community regime.

(b) Transition toward the two-
community regime.

(c) Density transition toward the
one-community regime.

(d) Density transition toward the
two-community regime.

Fig. 3: Energy trajectories during property-guided Langevin sampling and the
relative density change.

target structure exhibit high intra-community density (approximately 0.95) and
low inter-community density (approximately 0.016 in EBM-2), which is consis-
tent with the ground-truth SBM parameters (0.9 and 0.01, respectively). Figure
3 reports the evolution of the energy during sampling and how the intra-class
density, calculated on the decoded graph, changes. Starting from a graph that
does not exhibit the target property, the chain progressively decreases the en-
ergy until reaching a low-energy region associated with the desired structural
configuration. Minor oscillations are expected due to the stochastic Langevin
updates and do not affect convergence toward the target energy basin. The
resulting trajectory reveals a transformation from the initial community con-
figuration toward the target one. These observations suggest that the learned
energy landscape induces meaningful transitions between graph property classes
rather than isolated local modifications. Importantly, the transition is obtained
while performing Langevin dynamics exclusively in the continuous noise space.
The energy model never directly modifies graph structures; instead, it guides the
latent noise variables whose decoded graphs progressively move toward lower-
energy configurations. Figure 4 in Appendix A illustrates representative graph
samples extracted from different stages of the same chain.
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4 Conclusion

We introduced GraphVAEBM, a hybrid graph generative framework that sep-
arates global graph modeling from graph property modeling. A frozen GVAE
is used to learn a continuous graph manifold, while lightweight EBMs indepen-
dently capture desired graph properties. By performing Langevin dynamics in
the decoder noise space, the proposed approach enables property-guided graph
transformations without directly exploring the discrete graph domain. Experi-
ments on synthetic data demonstrate that the learned energy functions induce
stable transitions between structural graph classes and define meaningful energy
landscapes associated with different graph properties. The resulting trajecto-
ries reveal the ability of the model to cross energy barriers and remain within
target structural regimes. New graph properties can be incorporated through in-
dependently trained energy models without retraining the underlying generator.
We believe this separation between global graph structure and property-specific
modeling provides a promising direction for controllable graph generation and
graph manipulation. Future work will investigate larger graph domains, molec-
ular applications, and the integration of pretrained graph generators with mod-
ular EBMs for compositional property control. The exploration of more efficient
ways to move in the energy landscapes such as annealing, which smooths the en-
ergy landscape and facilitates exploration across regions, will also be taken into
consideration. We will also verify the possibility of optimizing multiple graph
properties through energy composition as shown in [8,4].
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Table 2: Model architecture and training hyperparameters.
Module Parameter Value

Graph VAE Architecture
Encoder Layers DenseGCN(1,16) → DenseGCN(16,2)
Encoder Pooling Mean pooling
Encoder Activation LeakyReLU
Latent Space Dimension 2
Decoder (z → h) MLP Linear(2,16) → Linear(16, num-nodes·

hidden-dim)
Decoder (h → X) MLP Linear(2,16) → Linear(16,

node-features · 2)
Adjacency Decoder Structure Bilinear hWh⊤

Energy-Based Model
EBM Encoder Layers DenseGCN(1,16) → DenseGCN(16,8)
EBM Energy Head Layer Linear(8,1)
EBM Activation Function ELU [3]

Training Hyperparameters
Optimizer Learning rate (GVAE) 10−3

Optimizer Learning rate (EBM) 10−3

GVAE β 2
Training Batch size 128
Training Epochs 150
Contrastive Divergence Penalty weight 0.5
Contrastive Divergence Persistent chain No
Langevin Dynamics Steps 5
Langevin Dynamics Step size 10−3

A Plots and Model Architecture

This appendix provides additional implementation details to facilitate repro-
ducibility of the proposed GraphVAEBM framework. Table 2 summarizes the
architectures of both the Graph Variational Autoencoder and the Energy-Based
Model, together with the training hyperparameters used throughout all exper-
iments. The GVAE encoder consists of two graph convolutional layers [14] fol-
lowed by mean pooling to obtain a graph-level latent representation. The latent
space dimension was fixed to 2 in order to facilitate visualization and analysis
of the learned energy landscape. The decoder reconstructs both node features
and graph connectivity from the latent representation. The Energy-Based Model
shares a similar graph-convolutional architecture and outputs a scalar energy
score. During sampling, Langevin dynamics is performed in latent space, while
the decoder remains fixed. This allows the EBM to guide generated samples
toward regions associated with the desired graph property. Both models use
ADAM [11] with default parameters. Figure 4 illustrates representative graph
transitions generated by GraphVAEBM. In both cases, the GVAE reconstruction
remains close to the original graph structure, while the energy-guided refinement
step moves the sample toward a configuration exhibiting the target property. In
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(a) Original Graph. (b) GVAE reconstruction.
(c) Minimum-energy sam-
ple.

(d) Original Graph. (e) GVAE reconstruction.
(f) Minimum-energy sam-
ple.

Fig. 4: Transformation induced by GraphVAEBM. The frozen GVAE recon-
struction preserves the original structural configuration, while energy-guided
Langevin dynamics moves the sample toward a graph exhibiting the target prop-
erty. Top row shows transition from two communities to one community. Bottom
row shows transition from one community to two communities.

the top row, the model transforms a graph containing two communities into a
graph characterized by a single community structure. Conversely, the bottom
row shows the reverse transition. These are the corresponding graphs whose en-
ergy and edge density was described in Figure 3. These examples qualitatively
illustrate that the EBM modifies the latent representation in a targeted manner,
preserving overall graph coherence while inducing the desired structural change.
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