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Abstract

Discrete graph diffusion models corrupt graph structure through independent edge
updates with a Markovian noise model. Combined with the exchangeability require-
ment on the output distribution, the terminal prior is necessarily an Erdős–Rényi
(E-R) random graph. This has a fundamental consequence for unconditional graph
generation without node features: in the large graph limit, any GNN denoiser
applied to an E-R graph approximately outputs an E-R graph, making effective
denoising difficult. In practice, generated graphs fail to recover meaningful node
heterogeneity and higher-order structure. Previous models introduced specialized
node features to compensate, framing this as an expressivity problem, while the
role of the prior remained unexamined. We instead address the root cause by
introducing the Latent Sociability Prior (LSP) and a joint diffusion process that
co-evolves latent node sociability variables and graph structure, removing edge
independence while preserving exchangeability. Unlike existing latent graph diffu-
sion methods, the sociability mechanism requires no complex encoder: its sole role
is to guide edge updates and preserve node heterogeneity throughout the trajectory.
We validate our approach on multiple graph generation datasets and show that the
proposed framework more accurately captures graph distributions than baseline
methods without node features.

1 Introduction

Diffusion models [48, 49, 18, 36] have recently emerged as a powerful class of generative models,
with major improvements in image [55] and video generation [34]. Motivated by this success,
diffusion-based methods have been extended to graph generation. The two most popular approaches
are: embedding nodes into a continuous latent space and applying Gaussian diffusion [38, 22, 12], or
operating directly in the graph space through a discrete corruption process on edges [3]. The latter
approach has been shown to be more appropriate for generating realistic graph structures [17, 51],
leading to a growing body of work on both graph diffusion and discrete flow matching [15, 41, 43].

Despite this recent progress, discrete diffusion models also have inherent problems. For instance,
scaling to large graphs is a bottleneck as the computational complexity grows quadratically with
increasing graph size. Recent methods [9, 31, 42] have made notable progress on addressing these
practical limitations. In this work, however, we identify a more fundamental limitation at the core
of existing graph diffusion models. We find that, in unconditional graph generation without node
features, the combination of edge independence in the forward process and the requirement that the
output graph distribution remains exchangeable tightly constrains the terminal distribution, leaving
Erdős–Rényi (E-R) as the only admissible prior. We show theoretically and empirically that such
graph diffusion models exhibit a fixed-point pathology in the large graph limit: for most architectures
including attention-based GNNs, when initialized from an E-R prior, any denoiser approximately
outputs constant edge predictions ( Theorem 4.2) which is also an E-R random graph. Consequently,
the generated graphs tend to look homogeneous and lack higher-order structure.
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In practice, this failure is commonly attributed to insufficient model expressivity, with auxiliary node
features introduced as a remedy even in the unconditional setting [51, 9, 42], leaving the role of the
E-R prior unexamined. While such features may improve performance, they can be expensive to
compute and obscure the real source of failure. Our claim is therefore not simply that existing models
are insufficiently expressive, but that the standard edge-independent discrete diffusion pipeline is
fundamentally mismatched with unconditional graph generation.

As a resolution, we propose a joint diffusion framework that co-evolves continuous latent variables
together with the discrete graph structure, combining the strengths of latent diffusion models and
graph-space discrete diffusion. Our framework is built around a new prior inspired by inhomogeneous
random graph models [39, 4, 19, 5], termed the Latent Sociability Prior (LSP). Each node is endowed
with a positive sociability weight, and edge probabilities are conditioned on these weights, inducing
node-level heterogeneity. We jointly diffuse these variables and the graph edges during both noising
and denoising, allowing them to guide edge updates throughout the diffusion trajectory. As a
consequence, the terminal prior is no longer edge-independent and therefore does not induce the
fixed-point behavior of standard discrete denoisers. Crucially, the sociability mechanism is much
simpler than existing latent graph diffusion approaches, as its role is not to generate graphs alone but
to guide the companion discrete diffusion process. In particular, it requires no pre-trained encoder,
and the clean latent variables admit an approximate closed-form expression from the training data.

Our contributions can be summarized as follows:

1. We identify a fundamental limitation in existing discrete graph diffusion pipelines. Without
node features, an edge-independent terminal prior together with independent edge updates
leads to a fixed-point pathology: any denoiser applied to an E-R random graph approximately
yields an E-R random graph, making it difficult to escape this regime and preventing recovery
of meaningful node heterogeneity and higher-order structure.

2. We propose a joint diffusion framework for graph generation that co-evolves continuous
latent variables together with discrete graph structure, allowing latent node heterogeneity to
directly guide edge updates throughout both noising and denoising.

3. We instantiate this framework through the Latent Sociability Prior (LSP), a novel exchange-
able latent-variable prior inspired by inhomogeneous random graph models. The LSP admits
a closed-form approximation for the clean latent variables, bypassing the need for an encoder,
while inducing beneficial edge dependencies and preserving node-level heterogeneity.

4. We validate our approach on multiple graph generation benchmarks and show that, even
without node features, the proposed framework more accurately captures the target graph
distribution compared to existing baselines.

2 Related work

Latent graph diffusion. Extending the original diffusion formulation [48, 49, 18, 36] for graph
generation involves embedding the graphs into a low-dimensional continuous space using variational
autoencoders (VAEs) and corrupting the graph structure using Gaussian noise in this latent space
[38, 22, 12]. Although this approach is appealing since it allows for a computationally friendly
diffusion process, it also presents unique challenges. For instance, VAEs are notorious for training
instabilities [10] and small reconstruction errors in the encoding-decoding process can affect the
structural validity of generated graphs. Further, generating large graphs is challenging since the
dimensionality of the latent space itself becomes a bottleneck, limiting the structural detail that can
be faithfully recovered.

Discrete diffusion for graphs. Another popular approach for graph diffusion is to adopt the discrete
diffusion paradigm [3] where the corruption process is carried out directly in the space of graphs
through independent edge additions and deletions. This framework has been shown to be more
appropriate for generating realistic graph structures, resulting in large improvements in both diffusion
models [17, 51, 9, 31, 40, 37, 23, 47] and discrete flow matching [15, 21, 41, 43]. However, most of
these advancements address practical issues such as scalability, since the computational burden grows
quadratically with increasing graph sizes. In this work, we identify a more fundamental limitation
specific to discrete graph diffusion models: the edge-independent forward process forces the terminal
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prior to be Erdős–Rényi, which leads to a fixed-point pathology that constrains generation quality
independently of model capacity.

Influence of prior distributions. The role of the prior in graph generation has received some
attention. [6, 7] study the limitations of edge-independent generative models and show they cannot
simultaneously produce diverse graphs and capture higher-order statistics such as triangle and cycle
counts a theoretical finding that directly motivates our work. In the continuous flow matching
setting, [8] use embedding-based source distributions as informed starting points, and [52] propose
motif-based priors via Gromov–Wasserstein-coupled flow matching, improving structural fidelity
at the cost of expensive optimal transport and manual motif specification per graph family. These
methods operate outside the discrete diffusion setting and do not address the fixed-point pathology
we identify. Our approach requires no optimal transport and no domain-specific prior engineering:
node heterogeneity emerges directly from the latent sociability variables by construction.

3 Background on discrete denoising diffusion framework

We recall the discrete denoising diffusion framework for graph generation following [3, 51]. Let
Ddata = {G1, . . . , GM} be a dataset of graphs drawn from an unknown distribution pdata. For a
graph G = (X,E) with node features X and edges E, the goal is to learn a distribution pθ(G) from
which new graphs can be sampled. Node features and edges are represented via one-hot encodings,
giving tensors X ∈ Rn×d and E ∈ Rn×n×b, where d is the number of node feature types and b the
number of edge categories. Here we simply consider b = 2 edge categories, with eij ∈ B = {0, 1}
denoting the scalar edge state (absence or presence) between nodes i and j, and eij ∈ Rb its one-hot
encoding, organized into the edge tensor E ∈ Rn×n×b.

Since we focus on unconditional graph generation without node features we set X = 1 throughout,
unless otherwise written. The forward process defines a sequence of increasingly noisy graphs
G0, G1, . . . , GT , where G0 is a clean training graph and GT is drawn from the terminal prior πT .
We denote by e0ij ∈ B the clean edge state between nodes i and j in G0, and by e0ij ∈ Rb its one-hot
encoding. The probability of a noisy sequence (G1, . . . , GT ) given G0 factorizes as

q(G1:T | G0) =

T∏
t=1

q(Gt | Gt−1) (1)

The transition matrix Qt
E ∈ Rb×b governs one-step edge corruption, with entries [Qt

E ]rs = q(et =
s | et−1 = r), and Q̄t

E = Q1
E · · ·Qt

E is the cumulative transition matrix. Since transitions
act independently on each edge, the per-edge forward marginal is the 1 × b probability vector
q(etij | e0ij) = e0ij Q̄

t
E . The joint forward marginal over all edges is

q(Et | E0) =
∏

1≤i,j≤n

q(etij | e0ij) (2)

For undirected graphs, noise is applied only to the upper-triangular part of E and then symmetrized.
A denoising network ϕθ takes a noisy graph Gt = (1,Et) and timestep t as input, and outputs for
each node pair (i, j) a probability vector p̂E,t

ij ∈ Rb over edge types. It is optimized via cross-entropy
against the clean edge states:

LCE(p̂
E,t, G0) =

∑
1≤i,j≤n

CE
(
e0ij , p̂

E,t
ij

)
(3)

New graphs are sampled by running the reverse process from GT ∼ πT . Since node features remain
fixed, the reverse distribution factorizes over edges:

pθ(E
t−1 | Gt) =

∏
1≤i,j≤n

pθ(e
t−1
ij | Gt) (4)

Each factor is computed by marginalizing over the predicted clean edge distribution:

pθ(e
t−1
ij | Gt) =

∑
r∈B

q
(
et−1
ij | etij , e0ij = r

)
p̂E,t
ij (r) (5)
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where q(et−1
ij | etij , eij = r) is the forward posterior, available in closed form in [51] and p̂E,t

ij (r)
denotes the network’s estimate of the probability that the clean edge takes value r given the noisy graph
Gt. As we will see later, by Theorem 4.2, when Gt is an E-R random graph, p̂E,t

ij is approximately
constant across all pairs (i, j), so pθ(e

t−1
ij | Gt) is the same for all pairs and Et−1 again follows an

E-R distribution.

Transition matrices are chosen as in [51] to preserve the empirical marginal distribution of edge types
mE ∈ Rb throughout diffusion through Qt

E = αtI +βt1bm
⊤
E where, βt = 1−αt. With probability

αt the edge state is preserved, and with probability βt it is resampled from mE .

As t → T , every edge is driven independently towards mE , so the terminal prior πT := q(GT )
is a product of independent marginals, an Erdős–Rényi random graph where every edge is drawn
independently with probability equal to the empirical edge density of the training set.

Exchangeability. An important feature of any graph generation method is that it needs to be
exchangeable: all permutations of the generated graphs need to be equiprobable. In other words, if
we denote by σ ·G the relabelling of a graph G by a permutation σ, our entire generation process
needs to satisfy

pθ(σ ·G0) = pθ(G
0)

for all σ,G0. Fortunately, if a) the prior distribution πT = q(GT ) is exchangeable (which is naturally
the case of E-R random graphs), and b) the denoiser ϕθ is permutation equivariant1, then it is easy to
see that the final distribution is exchangeable: we have pθ(σ ·Gt−1 | σ ·Gt) = pθ(G

t−1 | Gt) by
equivariance, and q(σ ·GT ) = q(GT ) by exchangeability of the prior.

4 Issue with Erdős–Rényi prior

In this section, we show that the E-R prior introduces a fundamental limitation in the generation
process: in the large-graph limit, E-R random graphs are approximate fixed points for any denoiser.
That is, as the graph size grows, denoising an E-R graph approximately yields another E-R graph,
making it increasingly difficult to escape this regime. We begin by asking whether a different prior
could have been chosen within the discrete diffusion framework.

E-R prior is unavoidable. As we have seen in the previous section, the prior distribution πT

needs to be exchangeable to guarantee exchangeability of the whole generation process. Moreover,
the discrete diffusion process is based on successive independent edge perturbations, such that the
terminal distribution has fully independent edges. We then have the following result, shown in
Appendix B.1 for completeness.
Lemma 4.1. [2, 20] Any exchangeable random graph model with independent edges is an E-R
model.

In other words, as long as discrete diffusion operates with independent edges, the terminal distribution
πT is necessarily an E-R random graph.

E-R is a fixed point for denoisers. Consider a simple denoiser that performs link prediction by
first computing node representations with a GNN X̂ = ϕθ(X,E) (recall that we generally consider
X = 1 in this paper, but the result below is more generally valid for node features X), then compute
edge probabilities using these representations with a similarity function φ:

p̂ij = φ(x
(K)
i ,x

(K)
j ) ∈ [0, 1]

This method is akin to a Variational Graph Auto-Encoder (VGAE) [26, 27], but when the GNN
is a GAT [50], this is close to the graph transformer [11] used in DiGress [51], removing some
normalization layers and edge modulation for simplicity 2. Denote by

std(p̂) =

√
1
n2

∑
ij

∣∣∣p̂ij − 1
n2

∑
ij p̂ij

∣∣∣2, std(X) =

√
1
n

∑
i

∥∥Xi − 1
n

∑
i Xi

∥∥2 (6)

1that is, ϕθ(σ ·G) = σ · ϕθ(G)
2Technically, in vanilla graph transformers the edge probabilities would also be modulated by the input graph p̂ij =

φ(x
(K)
i ,x

(K)
j , eij), in which case our result become: p̂E is approximately an affine function of E instead of being

approximately constant. That is: the output graph is a probabilistic “sum” of the input E-R graph and another E-R graph. We
choose our version for simplicity.
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the standard deviation of the edge probabilities and input node features, respectively, such that E-R
random graphs have exactly std(p̂) = 0. We have the following result.
Theorem 4.2. Consider an input graph E of size n, drawn from an Erdős–Rényi model with parameter
p. Then, for the GNNs outlined below, there is C such that: for all δ, ϵ > 0, if n is large enough, then
with probability at least 1− δ,

std(p̂) ≲ Cstd(X) + ϵ

where the multiplicative constant only depends on the parameters of the GNN. We have:

• if the GNN is a GAT [50] with K layers, then C = (1/p)K , and n is such that

pn ≳ log(n/δ) (7)

In particular, one can choose ϵ = 0 in this case.

• if the GNN is a GCN [28], then C = O(1), and n is such that

pn ≳ ϵ−2 log(n/δ) (8)

• if the GNN is GIN [53], for all r > 0 there exists Cr such that the result is valid with
C = O(1), and n such that

pn ≳ ϵ−2 log(n/δ) and n ≥ Crδ
−r (9)

The details for this theorem and precise description of the considered GNNs are given in Appendix
B.2. In short, we thus have the following: when the node features have low standard deviation, the
denoiser outputs approximately constant edge probabilities. Constant features are an extreme version
of that, since std(1) = 0. In other words, the class of E-R random graphs represents an approximate
fixed-point for denoisers, and as a result node heterogeneity remains low during the whole diffusion
process (Fig. 1), as all graphs will be almost E-R-like.

Applicability of Theorem 4.2 on Graph Transformer We prove Theorem 4.2 on a simplified
link predictor in Appendix B.2 while in practice DiGress uses a complex Graph Transformer with
its edge predictions modulated by FiLM layers [51]. We argue this does not change the conclusion
as this setup provides with a tractable model to study behavior. Further, the edge modulation in
the DiGress transformer is applied per pair: each pair’s modulation is computed from its own edge
feature and from the global (timestep) vector, so it does not introduce dependence between different
pairs. With constant node features, the predicted edge logits depend on each pair only through its
own current state and a global summary of the graph, leading to E-R-like graphs and preventing node
heterogeneity from emerging. Empirically, this is what we observe on the model used in practice:
Fig. 1 shows the node propensity variance of the actual DiGress denoiser, with edge modulation,
collapsing toward zero at high noise, while the LSP-based model retains heterogeneity throughout.

Structural node features. The above issue has often been interpreted as a lack of “expressivity”
of GNNs, hampering their denoising abilities. To fix this, many works add structural node features
computed a posteriori at each denoising step, such as degrees, cycle counts, and so on. While such
node features indeed counteract the incapacity of GNNs to compute these quantities, they only offer
limited fix to the E-R problem, as shown in the following Lemma proved in Appendix B.3.
Lemma 4.3. Consider a dense E-R random graph with parameter p = O(1) for simplicity. Consider
a template graph H of size r, and denote by Ci the number of subgraphs equal to H containing node
i. Then C = E(Ci) does not depend on i, and with probability at least 1− δ,

std(Ci/C) ≲
√

log(n/δ)/n

Hence, in the limit, this does not solve the problem, as the standard deviation of such features also
vanishes. This is shown in Figure 6 in the Appendix.

5 Latent variable guided discrete diffusion

Theorem 4.1 establishes that the E-R prior is not merely a suboptimal choice but an unavoidable
consequence of edge independence and exchangeability, and Theorem 4.2 and Lemma 4.3 state that
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E-R graphs become difficult to denoise in the large graph limit, even with structural features computed
a posteriori. To resolve this, we propose a new prior that induces node-level heterogeneity directly
through latent variables, along with the corresponding joint diffusion process on latent variables and
discrete graph structure.

5.1 Latent Sociability Prior (LSP)

Unlike existing latent graph diffusion approaches [47], which encode the entire graph structure into
high-dimensional latent space and may require complex autoencoders, the role of the latent variables
here is strictly to enforce node heterogeneity along the discrete diffusion process. This allows our
choice of latent model to be extremely simple.

Definition 1 (Latent Sociability Distribution [39]). Let w1, . . . , wn
i.i.d.∼ pW be latent sociability

weights, where pW is a distribution on R>0 to be specified in Section 5.2. The latent sociability
distribution defines a random undirected graph G with conditionally independent Bernoulli edges as

P(eij = 1 | wi, wj) = 1− e−wiwj , i < j, (10)

We refer to this distribution of random graphs as Latent Sociability Prior (LSP). By construction, the
edges are conditionally independent given w1, . . . , wn but marginally dependent, while global ex-
changeability is preserved. Intuitively, a node with high weights wi will tend to be more “connected”:
all the pij will be higher. Hence, a distribution pW with a large variance guarantees a diverse profile
of connection propensities (see Fig.1), and empirically a variety of higher-order structures as well
(Fig. 5), unlike the E-R prior.

Integrating this latent-variable prior into the discrete denoising framework of Section 3 is not
immediately obvious. We develop below a joint diffusion process that combines continuous Gaussian
diffusion [18] on the latent weights with the discrete corruption process on the graph edges.

5.2 Joint diffusion with LSP

A direct diffusion on the weights wi is not suitable, since Gaussian diffusion would not preserve the
positivity constraint and could produce invalid intermediate states. We therefore reparameterize the
weights as wi = exp(ui) with ui ∈ R unconstrained. Under a Gaussian prior on ui, the induced
prior on wi is log-normal. After this reparameterization, the edge probability in Equation 10 becomes

pij = 1− e−eui+uj (11)

Forward process. We define a joint forward noising process over the continuous latent vector u
and the discrete edge tensor E. Given a clean graph G0, one must first construct the corresponding
clean latent vector u0. While usual latent approaches require training an encoder, in the LSP u0

admits a simple, approximate closed-form expression.
Lemma 5.1. Consider an LSP random graph. Assuming a sparse regime where ui = O(−cn) for
some constant cn ≫ 0, we have for all i

E(di | u) = Ceui +O(ne−4cn)

for some constant C = O(ne−cn), where di denotes the degree of node i.

Following this, we set u0
i ≈ log(di + δ) + µ where δ > 0 is a small smoothing constant. To better

capture relative degree heterogeneity across different training graphs, we remove the graph-level
mean and obtain

u0
i = µLSP + log(di + δ)− 1

|V |
∑
k∈V

log(dk + δ) (12)

where µLSP is the mean of the terminal Gaussian prior. Similarly to enforcing the marginal edge
density in the E-R prior, we calibrate the parameters (µLSP, σLSP) from the training data, as detailed
in Appendix A.1.

We corrupt the latent variables using the shifted and scaled DDPM forward process

ut = µLSP +
√
ᾱt (u

0 − µLSP) + σLSP

√
1− ᾱt ϵ, ϵ ∼ N (0, I) (13)
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so that ut = u0 at t = 0 and ut converges in distribution to N (µLSP, σ
2
LSPI) as t → T . The

derivation and reverse posterior are given in Appendix A.2.

For the discrete component, we modify the transition matrix of Section 3 by replacing the global

stationary mE with a pair-specific stationary p0
ij = [ 1− p0ij , p

0
ij ] ∈ Rb, where p0ij = 1− e−e

u0
i+u0

j .
This gives the pair-specific transition matrices

Qt,ij
E = αtI + βt1b(p

0
ij)

⊤, Q̄t,ij
E = ᾱtI + (1− ᾱt)1b(p

0
ij)

⊤ (14)

with entries [Qt,ij
E ]rs = q(etij = s | et−1

ij = r,u0). Since u0 is a deterministic function of G0, all
matrices are fixed given (E0,u0), and the joint forward marginal factors over independent edges:

q(Et | E0,u0) =
∏

1≤i,j≤n

q(etij | e0ij ,u0), q(etij | e0ij ,u0) = e0ij Q̄
t,ij
E (15)

This has the same closed-form structure as Equation 2, with pair-specific stationaries, so the forward
posteriors needed for reverse sampling remain tractable [51]. Crucially, parameterizing the transitions
by u0 rather than ut is what makes this possible: if the transitions depended on ut, the matrices
would be random variables and the product structure in Equation 15 would no longer hold.

Reverse process. Starting from (ut,Et), the network ϕθ predicts the clean latent vector û0,t =
ϕθ(u

t,Et, t) and updates both components separately. The reverse kernel factorizes as

pθ(u
t−1,Et−1 | ut,Et) = pθ(u

t−1 | ut,Et) pθ(E
t−1 | û0,t,Et) (16)

For the continuous component, the reverse update follows the DDPM posterior in the shifted-and-
scaled parameterization derived in Appendix A.2. For the discrete component, û0,t determines
pair-specific reverse transition matrices

Q̂t,ij
E = αtI + βt1b(p̂

0,t
ij )

⊤, ˆ̄Qt,ij
E = ᾱtI + (1− ᾱt)1b(p̂

0,t
ij )

⊤ (17)

where p̂0,tij = 1− e−e
û
0,t
i

+û
0,t
j and p̂0,t

ij = [ 1− p̂0,tij , p̂
0,t
ij ]. The reverse edge distribution factorizes

as in Equation 4, with each factor given by

pθ(e
t−1
ij | etij , û0,t) =

∑
r∈B

q(et−1
ij | etij , eij = r; û0,t) p̂E,t

ij (r) (18)

where the posterior is computed from the pair-specific matrices in Equation 17.

Training objective. We retain the cross-entropy objective of Equation 3 for edge prediction and
augment it with an MSE loss on the predicted clean latents:

L =
∑

1≤i,j≤n

CE(eij , p̂
E,t
ij ) + λu

(
1

n

n∑
i=1

∥û0,t
i − u0

i ∥22

)
(19)

where λu ∈ R+ controls the relative weight of the latent regression term. The variational derivation
and its scope are detailed in Appendix C.

6 Experiments

Datasets. We introduce a new synthetic benchmark by sampling subgraphs from two real-world
datasets, Cora [32] and Chameleon [44], which we refer to as CoraChameleon. Unlike commonly used
synthetic benchmarks such as SBM or planar graphs, this better reflects the structural properties of real-
world graphs; details are given in Appendix E. We generate 3000 graphs for n ∈ {10, 20, 50, 100} and
1400 for n = 500, across node sizes n ∈ {10, 20, 50, 100, 500}. We also conduct experiments on the
commonly used benchmarks Ego and Community datasets [54], with a 60/20/20 train/test/validation
split.
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6.1 JointLSP preserves node heterogeneity at high noise

To study whether the proposed joint diffusion framework with LSP preserves node-level heterogeneity
during the diffusion process, we define a node propensity score Sti using the predicted clean edge
probabilities at diffusion step t. For each node i, we compute Sti = 1

n−1

∑
j ̸=i p̂

E,t
ij , where p̂E,t

ij

denotes the model’s predicted clean edge probability between nodes i and j at time t. Intuitively, Sti
measures the average connectivity propensity of node i at a given noise level. To quantify how much
this varies across nodes, we compute V t = Vari=1,...,n(Sti ).
We evaluate this metric at different diffusion steps t ∈ {500, 50, 0}, where t = 500 corresponds to
the maximally noisy state, over training graphs in a batch. For each graph, V t is computed across all
nodes, and the mean and standard deviation are reported over graphs in the batch. This is shown for
CoraChameleon-Node100 in Figure 1. The results show that the node heterogeneity induced by the
JointLSP is preserved even at high noise levels. In contrast, under the original DiGress marginal prior
without node features, the predicted edge probabilities become increasingly uniform across node pairs
as t → T , causing the node propensity scores to collapse toward a common value. This indicates
that, at highly noisy states, the model effectively starts from an ER graph and must rely on auxiliary
handcrafted features to recover richer structure during denoising. By contrast, our framework allows
the model to retain variation in node propensity throughout the reverse process, providing an intrinsic
source of heterogeneity without requiring such external features.

0 200 400
Timestep t

0.000

0.002

0.004

Va
r(s

i)

DiGress JointLSP+DiGress

(a) Forward Noising Process.

0200400
Timestep t

0.000

0.002

0.004
Va

r(s
i)

DiGress JointLSP+DiGress

(b) Reverse Denoising Process.

Figure 1: We compare the variance of node propensity scores for both the original DiGress and
JointLSP+DiGress (LSP in the figure). We observe at terminal noisy state, our prior helps maintain a
healthy level of node heterogeneity as opposed to DiGress which loses node distinguishability during
the diffusion process.

6.2 Experiments on graph generation

Evaluation metrics. We evaluate generated graphs using degree distribution, clustering coefficient,
triangle count, and degree assortativity. We additionally report the power-law exponent of the degree
sequence (PLE) and characteristic path length (CPL), following [7] and [9]. For each statistic, we
report the MMD ratio r = MMD(generated, test)2

MMD(train, test)2 following [51]. Lower is better, with r = 1 as the
natural baseline.

Ablation with auxiliary features. We first establish a DiGress [51] baseline using the full set of
recommended auxiliary features. We find that the performance of existing graph diffusion models
relies heavily on these additional node and graph-level features rather than on the diffusion process
alone. These features fall into two categories: structural features such as k-cycle counts, which we
address in Lemma 4.3, and spectral features such as eigenvectors and eigenvalues computed at every
denoising step. We note however that the latter are expensive to compute, and prohibitive at scale.
The full list is given in Appendix Table 11.

In Table 1 we present results on CoraChameleon-Node100 for three methods: Digress+k structural
features, by randomly choosing feature subsets of size k, averaged over 3 runs, JointLSP+DiGress,
which augments DiGress with our joint diffusion framework and LSP but uses no auxiliary features
(k = 0), and finally Digress with the full set of structural and spectral features (k = 17), which is
more computationally intensive. The training details and hyperparameters are given in Appendix E.1.
We can observe that structural features are consistently insufficient: even with k = 10 features,
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performance on higher-order statistics such as triangle count and assortativity remains poor. We also
conduct another ablation study in Table 6, where we supply degree as both node and graph-level
feature and observe similar results. This is consistent with Lemma 4.3: structural features computed
on a near-ER graph are themselves nearly constant across nodes, and therefore provide little additional
information to the denoiser at high noise levels. JointLSP+DiGress outperforms DiGress with up
to k = 10 features on clustering coefficient, triangle count, and assortativity, demonstrating that
improving the prior directly addresses these limitations. Nevertheless, JointLSP+DiGress is still
outperformed by the use of spectral features, even if much more expensive to compute. Integrating
such spectral components into our novel joint diffusion process is a major avenue for future work.

Unconditional graph generation without node features. In Table 2 we present results for
CoraChameleon datasets with n ∈ {10, 20, 50, 100} comparing DiGress without features against our
proposed method. Our goal is not to claim state-of-the-art performance, but to isolate the no-node-
feature setting in which the standard discrete diffusion pipeline is most constrained. Our method
shows consistent improvements on triangle count and assortativity [35, 14]. At n = 100, DiGress
performs better on degree distribution and PLE, which likely reflects occasional over-correction
of the degree distribution under the stronger node heterogeneity induced by LSP. Additional re-
sults are reported in the appendix: results for JointLSP+SparseDiff on CoraChameleon across
n ∈ {10, 20, 50, 100, 500} and on the Ego and Community datasets are given in Appendix D. Finally,
Table 6 examines whether supplying node degree directly as an auxiliary feature to DiGress can
close the gap, showing that while degree features improve some metrics, they cannot recover the
higher-order structural statistics that the LSP improves confirming that the benefit of our method is
not reducible to the degree information used in constructing u0.

Table 1: Feature subset ablation for DiGress on CoraChameleon-Node100. JointLSP+DiGress (k = 0,
no features) is included for direct comparison. Bold: best result excluding the k = 17 ceiling.

Degree ↓ Clustering ↓ Triangles ↓ Assortativity ↓ PLE ↓ CPL ↓
DiGress + Structural features
k = 2 9.32±3.08 5.08±2.95 11.75±4.50 118.18±2.68 7.43±2.65 47.23±8.47

k = 4 7.01±0.53 9.73±7.67 11.46±4.55 107.68±12.37 10.07±5.75 43.99±4.43

k = 8 10.88±11.42 5.89±4.60 7.45±5.08 79.81±52.72 7.04±5.38 36.55±19.28

k = 10 4.25±1.51 10.72±6.46 10.06±6.11 70.54±40.85 6.99±3.69 34.47±21.49

JointLSP+DiGress (no features)
k = 0 10.50±0.16 2.07±0.10 2.33±0.15 59.72±0.75 10.79±0.19 44.99±0.29

DiGress + Structural features + Spectral features
k = 17 0.93±0.00 1.95±0.00 1.68±0.00 3.55±0.00 1.53±0.00 1.92±0.00

Table 2: MMD ratios for unconditional graph generation under no-node features.
Degree ↓ Clustering ↓ Triangles ↓ Assortativity ↓ PLE ↓ CPL ↓

DiGress (no features)
n = 10 6.30±1.57 2.46±0.34 15.28±7.27 12.41±1.55 35.40±6.41 12.97±4.19

n = 20 22.47±1.63 1.44±0.00 58.45±9.88 49.80±3.08 15.84±2.39 11.46±2.22

n = 50 21.09±0.91 1.51±0.01 16.90±0.23 70.67±1.95 18.57±1.07 55.49±3.01

n = 100 4.53±0.11 11.33±0.27 14.82±0.12 101.95±2.13 4.64±0.17 39.68±1.14

JointLSP+DiGress (no features)
n = 10 5.19±1.61 1.79±0.06 13.45±4.25 1.25±0.25 23.58±4.95 12.93±3.90

n = 20 11.13±1.29 1.40±0.00 8.38±0.92 14.04±3.72 34.19±3.47 7.82±1.24

n = 50 8.01±0.42 1.40±0.00 4.87±0.80 33.18±1.16 10.77±0.69 30.65±1.71

n = 100 10.50±0.16 2.07±0.10 2.33±0.15 59.72±0.75 10.79±0.19 44.99±0.29

DiGress on Tree dataset In Table 3 we also present results on the Tree dataset [54] comparing
DiGress with no aux features and our JointLSP with DiGress. We can observe that our proposed
method outperforms DiGress on 3 out of 4 metrics.

9



Table 3: Results on Tree dataset

Method Degree Assortativity PLE CPL

DiGress 1073.41 ± 38.35 33.89 ± 0.81 242.14 ± 0.63 222.38 ± 6.51
JointLSP+DiGress 204.17 ± 26.83 15.45 ± 1.58 134.26 ± 2.03 231.38 ± 1.19

7 Conclusion

We identify a fundamental limitation in discrete graph diffusion models for unconditional graph
generation without node features: the combination of independent edge updates and an E-R terminal
prior leads to a fixed-point pathology in the large graph limit, where any GNN denoiser applied to an
E-R graph approximately outputs an E-R graph. We propose the Latent Sociability Prior, a simple
latent-variable prior that is co-diffused with discrete edge updates in a joint diffusion framework. By
preserving node heterogeneity throughout the diffusion trajectory, LSP enables the model to recover
higher-order graph structure without relying on auxiliary structural features. We validate this on
graph generation benchmarks across multiple graph sizes.

Limitations and future work. This work focuses on a key limitation in existing graph diffusion
models and several questions remain. Our framework is most suited to graphs with absent or limited
node features. For molecular generation, where rich semantic features are available, the fixed-point
pathology is less of a concern and the benefit of LSP is expected to be minimal. Combining LSP with
auxiliary node features is a natural next step, but is non-trivial since LSP is already informative at
high noise levels contrary to E-R prior which is uninformative. Thus, there is no guarantee that the
auxiliary features will compound the benefits of the LSP. Promising future directions could include
designing auxiliary features that complement the LSP, rather than duplicating the degree heterogeneity
already captured by the sociability variables. In particular, spectral features appear important for
improving community-level structure, but explicitly computing eigenvectors or eigenvalues at every
denoising step can be expensive. One possibility is to extend the LSP itself with a community-aware
component, by replacing the sociability prior with a calibrated community-conditioned variant. This
would make the terminal prior informative about degree heterogeneity and community structure.
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A Appendix

Algorithm 1 Calibrating the LSP terminal prior

Require: Training dataset Ddata, smoothing constant δ > 0, number of quadrature nodes K
1: for each graph G ∈ Ddata and each node i ∈ V (G) do
2: Compute ũi = log(di + δ)− 1

|V |
∑

k∈V log(dk + δ)

3: end for
4: σLSP ← std

(
{ũi : i ∈ V (G), G ∈ Ddata}

)
▷ std over all nodes across all training graphs

5: ρdata ← 1
|Ddata|

∑
G∈Ddata

2|EG|
nG(nG−1) ▷ mean empirical edge density over training graphs

6: Initialize µ0
LSP ← 1

2 (log ρdata − σ2
LSP) ▷ sparse-regime approximation, see Appendix A.1

7: Solve ρ(µLSP) = ρdata for µLSP using K-node Gauss-Hermite quadrature to evaluate ρ(·),
starting from µ0

LSP
8: return (µLSP, σLSP)

Algorithm 2 Training JointLSP

Require: A graph G = (1,E0), calibrated prior parameters (µLSP, σLSP) from Algorithm 1
1: Sample t ∼ U({1, . . . , T})
2: Compute u0 from G using Equation 12
3: Sample ut ∼ q(ut | u0) using Equation 13

4: Compute p0
ij for all pairs (i, j) using p0ij = 1− e−e

u0
i+u0

j

5: Sample Et ∼ q(Et | E0,u0) using Equation 15
6: (û0,t, p̂E,t)← ϕθ(u

t,Et, t)
7: Optimizer step on L(û0,t, p̂E,t;u0,E0) using Equation 19

Algorithm 3 Sampling from JointLSP

Require: Trained network ϕθ, calibrated prior parameters (µLSP, σLSP)
1: Sample n from the empirical node-count distribution of Ddata

2: Sample uT ∼ N (µLSP, σ
2
LSPI)

3: Compute pT
ij = [1− pTij , p

T
ij ] where pTij = 1− e−e

uT
i +uT

j for all pairs (i, j)
4: Sample ET : each edge (i, j) independently from Bernoulli(pTij)
5: for t = T down to 1 do
6: (û0,t, p̂E,t)← ϕθ(u

t,Et, t)
7: Sample ut−1 ∼ pθ(u

t−1 | ut,Et) using Equation 37
8: Sample Et−1 ∼ pθ(E

t−1 | û0,t,Et) using Equation 18
9: end for

10: return E0

A.1 Constructing the Latent Sociability Prior

We derive the calibration procedure for the terminal prior parameters (µLSP, σLSP), which are
estimated from the training data and fixed before training begins. The goal is to choose these
parameters so that graphs sampled from the LSP terminal prior match the empirical edge density and
degree heterogeneity of Ddata.

Reparameterization. From Section 5.2, the latent sociability weights satisfy wi = exp(ui), so
ui = logwi ∈ R. We place a Gaussian prior on the log-weights, ui

i.i.d.∼ N (µLSP, σ
2
LSP), which

induces a log-normal distribution on wi. With c = 1, the edge probability becomes

pij = 1− e−eui+uj (20)
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Estimating σLSP. Since the true weights wi are unobserved, we construct a proxy from the degree
sequence. For each node i in each training graph G, define the centered log-degree

ũi = log(di + δ)− 1

|V |
∑
k∈V

log(dk + δ) (21)

where δ > 0 is a small smoothing constant. Centering removes the graph-level mean so that ũi

captures relative degree heterogeneity within each graph. We then set

σLSP = std
(
{ũi : i ∈ V (G), G ∈ Ddata}

)
(22)

where the standard deviation is taken over all nodes across all training graphs.

Estimating µLSP. We calibrate µLSP by matching the expected edge probability under the LSP to
the empirical edge density of the training data. The empirical edge density, averaged over training
graphs, is

ρdata =
1

|Ddata|
∑

G∈Ddata

2|EG|
nG(nG − 1)

(23)

Under the LSP with parameters (µLSP, σLSP), the expected edge probability between any two nodes
is

ρ(µLSP) = E[pij ] = E
[
1− e−eui+uj ] (24)

Note that c enters Equation 24 only through the product c eui+uj , which in the sparse regime reduces
to c e2µLSP+σ2

LSP (see Equation 27). Any value of c > 0 can therefore be absorbed into µLSP via the
substitution µLSP ← µLSP + 1

2 log c, leaving the model unchanged. We fix c = 1 throughout without
loss of generality, since µLSP is calibrated directly to match ρdata.

Since ui, uj
i.i.d.∼ N (µLSP, σ

2
LSP), the sum S = ui + uj ∼ N (2µLSP, 2σ

2
LSP). Writing S =

2µLSP +
√
2σLSP Z with Z ∼ N (0, 1), Equation 24 becomes

ρ(µLSP) = 1− EZ∼N (0,1)

[
e−e2µLSP+

√
2 σLSP Z

]
(25)

We solve ρ(µLSP) = ρdata for µLSP using root-finding with the expectation in Equation 25 evaluated
via K-node Gauss-Hermite quadrature, which replaces the integral by a deterministic weighted sum.

Initialization of the root-finding. In the sparse regime where eui+uj is small, pij = 1−e−eui+uj ≈
eui+uj , so

ρdata ≈ E
[
eui+uj

]
= e2µLSP+σ2

LSP (26)

Solving for µLSP gives the initialization

µ0
LSP = 1

2

(
log ρdata − σ2

LSP

)
(27)

where we have used c = 1. Since real-world graphs are typically sparse, this approximation is mild
and provides a close starting point for the root-finder in practice.

A.2 Shifted and scaled DDPM for latent sociability variables

The following derivation is stated for a single coordinate ui; the result extends to the full vector u
coordinatewise.

Forward process. The standard DDPM forward process [18] takes the form

xt =
√
ᾱt x

0 +
√
1− ᾱt ϵ, ϵ ∼ N (0, I). (28)

In our setting the latent sociability variables should diffuse toward a Gaussian prior with mean µLSP

and variance σ2
LSP, rather than toward N (0, I).

To obtain this, we apply the DDPM construction to the centered and scaled variable
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(u− µLSP)/σLSP:

ut − µLSP

σLSP
=
√
ᾱt

u0 − µLSP

σLSP
+
√
1− ᾱt ϵ, ϵ ∼ N (0, I). (29)

Multiplying through by σLSP and adding µLSP gives

ut = µLSP +
√
ᾱt(u

0 − µLSP) + σLSP

√
1− ᾱt ϵ, ϵ ∼ N (0, I), (30)

so that ut = u0 at t = 0 and ut → N (µLSP, σ
2
LSP) as t→ T .

Reverse process. Since Equation 29 is the standard DDPM forward process applied to ũt :=
(ut − µLSP)/σLSP, the reverse posterior in ũ-space is the standard DDPM Gaussian posterior [18]:

q(ũt−1 | ũt, ũ0) = N (ũt−1 | µ̃t−1, β̃t) (31)
with mean

µ̃t−1 =

√
ᾱt−1 βt

1− ᾱt
ũ0 +

√
αt(1− ᾱt−1)

1− ᾱt
ũt (32)

and variance

β̃t =
βt(1− ᾱt−1)

1− ᾱt
. (33)

Substituting ũt = (ut−µLSP)/σLSP and ũ0 = (u0−µLSP)/σLSP into Equation 32 and multiplying
through by σLSP gives the posterior mean in u-space:

µt−1 = µLSP +

√
ᾱt−1 βt

1− ᾱt
(u0 − µLSP) +

√
αt(1− ᾱt−1)

1− ᾱt
(ut − µLSP) (34)

The posterior variance scales by σ2
LSP, giving

σ̃2
t = σ2

LSP β̃t = σ2
LSP

βt(1− ᾱt−1)

1− ᾱt
(35)

so that

q(ut−1 | ut, u0) = N (ut−1 | µt−1, σ̃
2
t ). (36)

The reverse sampling step is therefore

ut−1 = µt−1 + σLSP

√
βt(1− ᾱt−1)

1− ᾱt
z, z ∼ N (0, 1), (37)

which is the update used in Section 5.2, with u0 replaced by the network prediction û0,t at each
timestep.

B Proofs

B.1 Proof of Lemma 4.1

Proof of Lemma 4.1. Since the edges are discrete in {0, 1}, they are independent Bernoulli random
variables. We note P(eij = 1) = pij its parameters. Denote by A = [eij ]ij the adjacency matrix of a
drawn graph, we have P = [pij ]ij = E(A). By exchangeability, σAσ⊤ has the same distribution as
A for any permutation matrix σ, and therefore

E[σAσ⊤] = E[A] (38)
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which is
πPπ⊤ = P (39)

The only matrices invariant under conjugation by all permutation matrices have constant off-diagonal
entries. Since the diagonal is zero for simple graphs, it follows that Pij = p for all i ̸= j. Therefore
the model is Erdős–Rényi.

B.2 Proof of Thm. 4.2

GNNs. Denote by X(0) = X the input node features. The GNNs we are examining are all under
the form

X(k) = σ
(
X(k−1)θ

(k)
0 + Sk(X

(k−1))X(k−1)θ
(k)
1 + 1nb

(k)
)
∈ Rn×dk

where Sk(X
(k−1)) ∈ Rn×n are message-passing matrices that depends on the graph structure and

may depend on the layer k and X(k−1) for attention-based models, θ(k)i ∈ Rdk−1×dk are trainable
weights, b(k) ∈ Rdk are trainable biases, and σ is an activation function that we assume to be
1-Lipschitz. All models can then be obtained by varying the choice of Sk(X), which we denote by S
when it is fixed:

• for GCN,
S = D̃−1/2ÃD̃−1/2

where Ã = Id+A and D̃ is the corresponding degree matrix.
• GIN uses sum-aggregation, which would correspond to S = A. However for random

graphs this choice may diverge when n increases if not properly normalized. We choose the
classical normalization for random graphs [25] by the expected density of the graph: for the
ER model considered in the result,

S =
1

pn
A

assuming that p is known for simplicity. Note that, for a fixed graph size n, this normalization
can be absorbed by the weight θ1, such that this is indeed equivalent to the vanilla GIN;

• for GAT, we consider attention coefficients ck(x,x′) at layer k (typically exponentials of
dot products), and normalized attention:

[Sk(X)]ij =
ck(xi,xj)∑
ℓ∼i ck(xi,xℓ)

We will assume that ck(·) ≥ cmin > 0, which is for instance the case for exponential
attention coefficients on bounded features. Graph Transformers are essentially the same
model, when stripped of various normalization layers (which we do not consider here for
simplicity).

After K layers, the node representations are used pairwise to obtain the edge prediction

p̂ij = [φ(x
(K)
i ,x

(K)
j )]ni,j=1 ∈ [0, 1]

where φ is a link function that we assume to be Lφ-Lipschitz in each component.

Proof of Thm. 4.2. Recall that std(p̂) =
√

1
n2

∑
ij(p̂ij − p̄)2 where p̄ =

∑
ij p̂ij . First observe that∑

ij

(p̂ij − p̄)2 = min
p

∑
ij

(pij − p)2

and similarly, for X ∈ Rn×d,

std(X) =

√
1

n

∑
i

∥xi − x̄∥2 = min
x

√
1

n

∑
i

∥xi − x∥2

where x̄ = 1
n

∑
i xi. We therefore denote x̄(k) = 1

n

∑
i x

(k)
i .
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Hence, for any x, by Lipschitz property of φ and a triangular inequality

std(p̂) ≤
√

1

n2

∑
ij

(φ(x
(K)
i ,x

(K)
j )− φ(x,x))2

≤
√

1

n2

∑
ij

(φ(x
(K)
i ,x

(K)
j )− φ(x

(K)
i ,x))2 +

√
1

n2

∑
ij

(φ(x
(K)
i ,x)− φ(x,x))2

≤ 2Lφ

√
1

n

∑
i

∥∥∥x(K)
i − x

∥∥∥2
and by minimizing over x, we get std(p̂) ≤ 2Lφstd(X(K)).

Now, denote by Ek = std(X(k)). Define ∥·∥F,n = ∥·∥F /
√
n for short, where ∥·∥F is the Frobe-

nius norm, and observe that std(X) =
∥∥X− 1nx̄

⊤
∥∥
F,n

. Moreover, observe that ∥SXθ∥F,n ≤
∥S∥2 ∥X∥F,n ∥θ∥2.

We have the recursion equation: since minimizing over x is more general than over σ(x),
and using the fact that σ is 1-Lipschitz and we can decompose minx ∥y + y′ − x∥ =
minx,x′ ∥y + y′ − (x+ x′)∥ ≤ minx ∥y − x∥+minx ∥y′ − x∥,

std(X(k)) = min
x

∥∥∥X(k) − 1nx
⊤
∥∥∥
F,n
≤ min

x

∥∥∥X(k) − 1nσ(x)
⊤
∥∥∥
F,n

= min
x

∥∥∥σ (X(k−1)θ
(k)
0 + Sk(X

(k−1))X(k−1)θ
(k)
1 + 1nb

(k)
)
− σ(1nx

⊤)
∥∥∥
F,n

≤ min
x

∥∥∥X(k−1)θ
(k)
0 + Sk(X

(k−1))X(k−1)θ
(k)
1 + 1nb

(k) − 1nx
⊤
∥∥∥
F,n

≤ min
x

∥∥∥X(k−1)θ
(k)
0 − 1nx

⊤
∥∥∥
F,n

+min
x

∥∥∥Sk(X
(k−1))X(k−1)θ

(k)
1 − 1nx

⊤
∥∥∥
F,n

For the first term, by picking x = θ
(k)
0

⊤
x̄(k−1), we get

min
x

∥∥∥X(k−1)θ
(k)
0 − 1nx

⊤
∥∥∥
F,n
≤
∥∥∥(X(k−1) − 1n(x̄

(k−1))⊤)θ
(k)
0

∥∥∥
F,n
≤ Ek−1

∥∥∥θ(k)0

∥∥∥
2

We need to divide the second term, since the term 1nx
⊤ cannot necessarily be written as

Sk(X
(k−1))1nx

′⊤ for some x′. So we introduce a term Sk(X
(k−1))1nx

′⊤ for some x′:

min
x

∥∥∥Sk(X
(k−1))X(k−1)θ

(k)
1 − 1nx

⊤
∥∥∥
F,n
≤
∥∥∥Sk(X

(k−1))
(
X(k−1)θ

(k)
1 − 1nx

′⊤
)∥∥∥

F,n

+min
x

∥∥∥Sk(X
(k−1))1nx

′⊤ − 1nx
⊤
∥∥∥
F,n

Then, as previously, by picking x′ = x̃k = θ
(k)
1

⊤
x̄(k−1) the first term in this equation can be bounded

by ∥∥∥Sk(X
(k−1))

(
X(k−1)θ

(k)
1 − 1nx

′⊤
)∥∥∥

F,n
≤
∥∥∥Sk(X

(k−1))
∥∥∥
2
Ek−1

∥∥∥θ(k)1

∥∥∥
2

Note that we must then bound
∥∥Sk(X

(k−1))
∥∥
2
, which is random and depend on the random graph

and chosen GNN architecture.

We denote the remaining term by

r(k)n = min
x

∥∥∥Sk(X
(k−1))1nx̃

⊤
k − 1nx

⊤
∥∥∥
F,n

which we will again bound for each example.
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At the end of the day, we obtain

Ek ≤
(∥∥∥θ(k)0

∥∥∥
2
+
∥∥∥Sk(X

(k−1))
∥∥∥
2

∥∥∥θ(k)1

∥∥∥
2

)
︸ ︷︷ ︸

uk

Ek−1 + r(k)n

=

k∑
ℓ=1

 k∏
p=ℓ+1

up

 r(ℓ)n︸ ︷︷ ︸
rn(δ)

+

[
k∏

ℓ=1

up

]
E0

For all example, we are going to show that uk = O(1) with probability 1− δ if n is large enough,
and bound rn(δ) wrt n and δ. Our general strategy will be to write

r(k)n = min
x

∥∥∥Sk(X
(k−1))1nx̃

⊤
k − 1nx

⊤
∥∥∥
F,n
≤ ∥x̃k∥min

c
max

i

∣∣∣∣∣∣
∑
j∼i

sij − c

∣∣∣∣∣∣ (40)

for some constant c ∈ R (often 1 in our examples), and sij are the elements of Sk(X
(k−1)) for short.

We remark that ∥x̃k∥ ≤
∥∥∥θ(k)1

∥∥∥
2

∥∥X(k−1)
∥∥
F,n

and we can use Lemma B.2 to bound this term, which
again involves uk.

Our main tool will be the following Lemma.

Lemma B.1 (Lemma 3 in [24]). Consider an ER model with parameter p. Then, with probability at
least 1− δ, the degrees di satisfy

max
i

∣∣∣∣ dipn − 1

∣∣∣∣ ≲
√

log(n/δ)

pn
(41)

In particular, if

n ≳
log(n/δ)

p
(42)

then with probability 1− δ, for all i
pn

2
≤ di ≤

3pn

2

We now bound
∥∥Sk(X

(k−1))
∥∥
2

and rn through (40) for our examples.

GAT. GAT is actually the simplest model to bound. Indeed, due to the normalization of the
coefficients

∑
j∼i sij = 1 at all layers, we directly obtain r

(k)
n = 0.

For the bound on ∥Sk(X)∥2, we remark that under the bound (42) on n, for all i, j, k
ck(xi,xj)∑
ℓ∼i ck(xi,xℓ)

≤ cmax

cmin

2

pn

and thus for any layer and X

∥Sk(X)∥2 ≤ ∥Sk(X)∥F =

√∑
ij

s2ij ≲
cmax

cmin

√∑
i

di
(pn)2

≲
cmax

pcmin

hence the result C = O(1/pK).

GIN. For GIN, we have S = A/(pn). Hence (40) directly yields r(k)n ≤ ∥x̃k∥maxi

∣∣∣ di

pn − 1
∣∣∣, and

the last term is smaller than ϵ when pn ≥ ϵ−2 log(n/δ) by Lemma B.1.

For the bound on ∥S∥2, we invoke [29, Thm 5.2], such that for any r > 0, there is a constant Cr such
that, if n ≥ Cr(1/δ)

r, then ∥∥∥∥ A

pn
− 1n×n

n

∥∥∥∥
2

≲
1
√
pn

and
∥∥∥ 1n×n

n

∥∥∥
2
= 1 hence the result.
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GCN. For GCN, if pn ≥ ϵ−2 log(n/δ) by Lemma B.1 |di − pn| = O(pnϵ) and thus since
1√
a
= 1√

b
+O( |a−b|

b3/2
),

1√
di

=
1
√
pn

+O

(
ϵ
√
pn

)
From this we get

max
i

∣∣∣∣∣∣
∑
j∼i

sij − 1

∣∣∣∣∣∣ = max
i

∣∣∣∣∣∣ 1√
di

∑
j∼i

1√
dj
− 1

∣∣∣∣∣∣
≤ max

i

∣∣∣∣ dipn − 1

∣∣∣∣+O

(
ϵ
√
pn

)
and we go back to the GIN case.

For the bound on ∥S∥2 we have directly that ∥S∥2 ≤ 1, since its a symmetric normalized Laplacian
(up to identity term).

Lemma B.2. ∥∥∥X(k)
∥∥∥
F,n
≤

k∑
ℓ=1

 k∏
p=ℓ+1

up

 vℓ +

[
k∏

ℓ=1

up

]∥∥∥X(0)
∥∥∥
F,n

(43)

where

uk =
∥∥∥θ(k)0

∥∥∥
2
+
∥∥∥Sk(X

(k−1))
∥∥∥
2

∥∥∥θ(k)1

∥∥∥
2
, vk =

∥∥∥b(k)
∥∥∥

Proof. We write the recursion∥∥∥X(k)
∥∥∥
F,n

=
∥∥∥σ (X(k−1)θ

(k)
0 + Sk(X

(k−1))X(k−1)θ
(k)
1 + 1nb

(k)
)∥∥∥

F,n

≤
(∥∥∥θ(k)0

∥∥∥
2
+
∥∥∥Sk(X

(k−1))
∥∥∥
2

∥∥∥θ(k)1

∥∥∥
2

)
︸ ︷︷ ︸

uk

∥∥∥X(k−1)
∥∥∥
F,n

+
∥∥∥b(k)

∥∥∥︸ ︷︷ ︸
vk

=

k∑
ℓ=1

 k∏
p=ℓ+1

up

 vℓ +

[
k∏

ℓ=1

up

]∥∥∥X(0)
∥∥∥
F,n

B.3 Proof of Lemma 4.3

With the same reasoning as before, we have

std(Ci/C) ≤ max
i
|Ci/C − 1|

we are going to bound the right hand side.

The feature Ci can be expressed as a sum over subsets of r − 1 indices:

Ci =
∑

S⊂([1,n]\{i})r−1

1G{i}∪S≃H (44)

where GS refers to the subgraph of G corresponding to subset of nodes S, and 1F≃H = 1 if F and
H are isomorphic and 0 otherwise.

By exchangeability, it is obvious that C = E(Ci) does not depend on the node i. For S of size r,
since GS is also an E-R graph of size r, we have E1G{i}∪S≃H = r!pmH (1− p)r(r−1)/2−mH where
mH is the number of edges in H , such that

C =

(
n− 1

r − 1

)
r!pmH (1− p)r(r−1)/2−mH = O(nr−1) (45)
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We are going to bound the deviation of Ci/C from its expectation of 1 using McDiarmid’s concentra-
tion inequality [33], which requires to bound the variation of Ci/C when one edge ekℓ flips, and sum
the square of these variations over all indices k, ℓ.

If ekℓ flips and k, ℓ are different from i, then the terms affected are those where S contains both
k, ℓ. There are

(
n−3
r−3

)
= O(nr−3) such terms, such that the deviation of Ci/C is of order 1/n2.

There are O(n2) such indices k, ℓ, such that the sum of the square of the deviation has a term
O(n2/n4) = O(1/n2).

If ekℓ flips and k = i, then the terms affected are those where S contains ℓ. There are
(
n−2
r−2

)
=

O(nr−2) such terms, such that the deviation of Ci/C is of order 1/n. There are O(n) such indices
k, ℓ, such that the sum of the square of the deviation has a term O(n/n2) = O(1/n). Similarly when
ℓ = i.

Hence, by applying McDiarmid’s inequality, with probability 1 − δ, |Ci/C − 1| is bounded by√
log(1/δ)/n. Using a union bound over i, we obtain the result.

B.4 Proof of Lemma 5.1

A simple approximation of 1− e−x yields

pij = eui+uj +O((eui+uj )2) = eui+uj +O(e−4cn)

Then,

E(di | u) =
∑
j

pij =
∑
j

eui+uj +O(ne−4cn)∑
j

euj


︸ ︷︷ ︸

C

eui +O(ne−4cn)

C Variational motivation for the training objective

The following derivation provides variational motivation for the joint training objective in Equation 19.
We follow the DiGress framework [51] and highlight the additional terms arising from the continuous
latent component u.

A key structural feature of our forward process is that the discrete transition matrices Q̄t,ij
E are

parameterized by the clean latent vector u0 rather than the noisy ut this is what gives the forward
process its closed-form factorization (Section 5.2). As a consequence, the terminal distribution of the
forward process conditioned on a training graph G0 has a discrete component that depends on u0:

edges converge to Bernoulli(p0ij) where p0ij = 1− e−e
u0
i+u0

j . The sampling process (Algorithm 3),
on the other hand, draws uT ∼ N (µLSP, σ

2
LSPI) and then samples edges from Bernoulli(pTij) where

pTij depends on uT . These two terminals coincide only in expectation over u0. We therefore do not
claim that Equation 19 is an exact ELBO for the generative model in Algorithm 3; rather, following
the pragmatic stance of DiGress [51], we treat the objective as a well-motivated denoising loss whose
variational structure we describe below.

Let the joint state at time t be zt = (ut,Et), with clean graph z0 = (u0,E0) and terminal state
zT = (uT ,ET ).

Joint forward factorization. Because the continuous and discrete components are corrupted
independently, the forward process factorizes as

q(zt | z0) = q(ut | u0) q(Et | E0,u0) (46)

The continuous component follows the shifted-scaled Gaussian diffusion of Appendix A.2:

q(ut | u0) = N
(
ut
∣∣ µLSP +

√
ᾱt(u

0 − µLSP), σ
2
LSP(1− ᾱt)I

)
(47)

22



The discrete component follows from the pair-specific forward marginals of Equation 15:

q(Et | E0,u0) =
∏

1≤i,j≤n

q(etij | e0ij , u0) (48)

Evidence lower bound. Following [51], applying Jensen’s inequality with q(z1:T | z0) as the
variational distribution gives the ELBO:

log pθ(G) ≥ log p(nG)−DKL

[
q(zT | G) ∥ p(zT | nG)

]
−

T∑
t=2

Lt(G) + Eq(z1|G)

[
log pθ(G | z1)

]
(49)

where
Lt(G) = Eq(zt|G)

[
DKL

(
q(zt−1 | zt, z0) ∥ pθ(zt−1 | zt)

)]
(50)

Terminal prior KL. With the u0-keyed forward process, the training terminal factors as

p(zT | nG) = N (µLSP, σ
2
LSPI)×

∏
1≤i,j≤n

Bernoulli(p0ij) (51)

where p0ij = 1− exp(−eu
0
i+u0

j ) depends on the clean graph. The prior KL decomposes as

DKL

[
q(zT | G) ∥ p(zT | nG)

]
= DKL

[
q(uT | u0) ∥N (µLSP, σ

2
LSPI)

]
+ DKL

q(ET | E0,u0) ∥
∏

1≤i,j≤n

Bernoulli(p0ij)

 (52)

Both terms vanish as ᾱT → 0 for the u0-keyed forward process: the continuous component converges
to N (µLSP, σ

2
LSPI) and each row of Q̄T,ij

E converges to (p0
ij)

⊤, so q(eTij | e0ij ,u0) converges
to Bernoulli(p0ij) independently of e0ij . Note that this vanishing holds for the training terminal
conditioned on u0, not for the unconditional sampling terminal.

Decomposition of the diffusion loss. Because the forward posterior factorizes as

q(zt−1 | zt, z0) = q(ut−1 | ut,u0) q(Et−1 | Et,E0,u0) (53)

the per-step loss Lt(G) splits into independent continuous and discrete terms:

Lt(G) = Lu
t (G) + LE

t (G) (54)

where LE
t (G) is identical in form to the DiGress per-step loss [51], and Lu

t (G) is the additional term:

Lu
t (G) = Eq(ut|u0)

[
DKL

(
q(ut−1 | ut,u0) ∥ pθ(ut−1 | zt)

)]
(55)

Practical training objective. As in DDPM [18] and DiGress [51], we do not optimize the ELBO
term-by-term. Instead, we optimize the simplified joint objective of Equation 19, replacing the
per-step KL terms with cross-entropy and MSE losses respectively. The prior KL terms are dropped
since they vanish for the u0-keyed forward process by construction.

D Additional experiments

D.1 Graph generation using JointLSP+SparseDiff

We augment SparseDiff [42] with our prior and joint diffusion process, referring to the result as
JointLSP+SparseDiff. SparseDiff is particularly efficient at larger graph sizes, processing only
randomly selected node pairs at each step, which is why we use it as the baseline for n = 500 and the
Ego and Community datasets.

The results on CoraChameleon across n ∈ {10, 20, 50, 100, 500} are reported in Table 4.
JointLSP+SparseDiff consistently improves over SparseDiff on most metrics, with gains most
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Table 4: MMD ratios on CoraChameleon datasets for SparseDiff and JointLSP+SparseDiff under
no-node features. Results are mean±std over 3 random seeds. Bold: better of SparseDiff vs.
JointLSP+SparseDiff.

Degree ↓ Clustering ↓ Triangles ↓ Assortativity ↓ PLE ↓ CPL ↓
SparseDiff (no features)
n = 10 17.23±0.87 1.99±0.02 6.68±0.07 69.77±18.17 431.13±133.46 114.33±21.79

n = 20 49.10±2.08 1.41±0.00 3.67±0.43 30.17±4.03 27.25±2.67 0.92±0.12

n = 50 17.51±0.98 1.55±0.04 25.87±0.77 60.65±4.84 4.98±0.59 3.69±0.39

n = 100 30.43±0.15 3.43±0.10 66.65±0.76 50.44±2.34 15.33±0.10 18.92±0.10

n = 500 3.93±0.01 3.23±0.02 113.81±7.41 39.04±0.14 2.13±0.00 7.93±0.00

JointLSP+SparseDiff (no features)
n = 10 14.18±0.64 2.00±0.01 6.43±0.14 11.38±7.16 37.70±14.13 37.19±3.19

n = 20 29.08±1.11 1.40±0.00 2.19±0.23 15.31±0.95 15.75±1.29 0.54±0.12

n = 50 13.29±0.32 1.49±0.01 15.11±0.34 36.18±1.16 6.29±0.19 5.76±0.16

n = 100 19.07±0.49 3.07±0.07 36.00±0.84 24.88±1.18 11.14±0.23 16.24±0.21

n = 500 3.82±0.01 2.99±0.02 35.41±4.21 28.89±0.27 2.20±0.00 8.37±0.00

pronounced on triangle count and assortativity. Notably, the improvement holds at n = 500, where
the fixed-point pathology is most severe and the edge-independent prior has the greatest influence on
generated statistics.

The results on Ego and Community are reported in Table 5. These datasets remain challenging for both
methods, as indicated by the uniformly large MMD ratios. This is likely due in part to the presence
of self-loops in Ego and the lack of auxiliary spectral features needed to capture community structure.
Nevertheless, JointLSP+SparseDiff improves over SparseDiff on all metrics except clustering on Ego
and assortativity on Community. Taken together, these results support our main claim: the benefit of
the proposed method is not that it universally optimizes generation quality, but that it addresses a
fundamental limitation of edge-independent diffusion in the no-node feature setting.

Table 5: Comparison of graph generation with JointLSP+SparseDiff and SparseDiff on Ego and
Community datasets. Results are mean±std over 3 random seeds.

Degree ↓ Clustering ↓ Triangles ↓ Assortativity ↓ PLE ↓ CPL ↓
Ego
SparseDiff 768.06±107.44 14.78±0.25 85.20±12.21 1715.86±53.10 1696.14±183.27 183.07±31.15

JointLSP+SparseDiff 302.50±51.36 15.48±0.57 12.41±1.25 785.72±141.52 750.94±145.86 28.95±6.31

Community
SparseDiff 91.57±24.34 6.86±0.63 8.12±0.96 0.99±1.27 226.18±49.36 21917.62±157.43
JointLSP+SparseDiff 38.70±14.18 5.08±0.44 1.54±0.44 9.02±6.79 105.09±39.66 18251.36±550.46

D.2 DiGress with degree features

In the JointDiffusion+LSP proposal we derive the latent weights for each node by using the node
degree as a proxy. This naturally leads to the question: is this similar to supplying node degree
as auxiliary features to the denoiser, and whether DiGress [51] could also benefit from such aug-
mentation? To answer this question, we conduct an experiment where we compute node degrees
from the noisy graph at each denoising step and feed them as auxiliary features. More specifically,
we compute the normalized degree d̃i = di/(n− 1) as a node-level feature, and the mean µd and
standard deviation σd of d̃i across nodes as graph-level features, recomputed from the noisy adjacency
At at every reverse step. The results are shown in Table 6. We can observe that JointLSP+DiGress
outperforms DiGress+Degree features on metrics like degree, triangles, PLE and CPL. Thus, DiGress
augmented with degree features does not recover the performance of JointLSP. This is consistent
with Lemma 4.3: at high noise levels At is approximately E-R, so all d̃i ≈ p̄ and the features
collapse to a near-constant, carrying no structural signal. The key distinction is that the LSP does
not compute degree on the noisy graph, it supplies this information inherently by construction. The
degree-informed heterogeneity information is baked into the terminal prior itself via u0, making
node-level variation available throughout the entire reverse trajectory rather than only when the graph
is sufficiently clean.
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Table 6: DiGress + degree features on CoraChameleon-Node100. JointLSP+DiGress (k = 0, no
features) is included for direct comparison. Bold: best result excluding the k = 17 ceiling.

Degree ↓ Clustering ↓ Triangles ↓ Assortativity ↓ PLE ↓ CPL ↓
DiGress+Degree
k = 1 10.67±0.14 2.04±0.02 2.41±0.14 57.66±0.76 10.81±0.17 45.54±0.56

JointLSP+DiGress
k = 0 10.50±0.16 2.07±0.10 2.33±0.15 59.72±0.75 10.79±0.19 44.99±0.29

DiGress + 17 features
k = 17 0.93±0.00 1.95±0.00 1.68±0.00 3.55±0.00 1.53±0.00 1.92±0.00

DiGress+degree does not preserve node heterogeneity. We compute the variance in node propen-
sity scores as defined in Section 6.1, comparing JointLSP+DiGress, DiGress, and DiGress+Degree
— where node degree is supplied as both a node-level and graph-level auxiliary feature — in Fig-
ure 2. JointLSP+DiGress maintains consistently high node heterogeneity throughout the reverse
trajectory, starting from t = T where the LSP prior already induces diverse connection propensities.
DiGress+Degree, by contrast, starts near zero at high noise levels and builds heterogeneity only as
denoising progresses. This confirms that degree features are reactive: they can only provide structural
signal once the graph is already partially denoised, whereas LSP provides it from initialization. The
two mechanisms are therefore fundamentally different, even though both draw on degree information.
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Figure 2: We compare the variance in node propensity scores for JointLSP+DiGress, DiGress+degree
and DiGress. We can observe that our proposal yields node heterogeneity throughout the diffusion
trajectory even at highly noisy states as opposed to DiGress with degree features which only improve
the node heterogeneity when the graph is already denoised.

Random node features Many works such as [1, 45, 16] suggest incorporating random node features
improve GNN expressivity, we test if this also helps improve generation quality in graph diffusion
models. We verify this empirically on the CoraChameleon-Node100 dataset and compare DiGress
with no aux features, DiGress+RND which denotes the random node features and JointLSP+Digress.
The setup is as follows: The diffused node state is unchanged (X = 1), and at each denoising step we
concatenate random features r ∈ Rn×d, drawn i.i.d. fromN (0, I) with dim=8 to the node input. The
results are presented in 7, adding random node features does not help with generation because firstly
RND leaves the corruption process and the terminal distribution unchanged: Lemma 4.1 still applies
and the terminal distribution is still E-R, and sampling still begins from a graph with no node-level
structure. RND alters only the denoiser input, not where the reverse trajectory starts. Second, the
heterogeneity it supplies is uncalibrated, as the features are drawn independently of the data, whereas
LSP is calibrated from the training data.

D.3 LSP improves generation quality throughout diffusion trajectory

To further demonstrate the effectiveness of the proposed JointLSP framework, we track the MMD
ratio (r) presented in Section 6.2 at various timesteps t ∈ {500, 50, 0} for both JointLSP+DiGress
and DiGress on CoraChameleon-Node100 dataset. At each timestep t, we use the network’s predicted
clean edge probabilities p̂E,t

ij to construct a graph and evaluate MMD against the test set. The

25



Table 7: Results on CoraChameleon-Node100 dataset comparing DiGress with random node features
Method Degree Clustering Triangles Assortativity PLE CPL

DiGress 4.53±0.1 11.33±0.27 14.82±0.12 101.95±2.13 4.64±0.17 39.68±1.14
DiGress+RND 5.48±0.13 12.50±1.18 10.13±0.04 127.06±6.20 4.14±0.41 24.01±1.57

JointLSP+DiGress 10.50±0.16 2.07±0.10 2.33±0.15 59.72±0.75 10.79±0.19 44.99±0.29

results are shown in Figure 3. JointLSP+DiGress consistently achieves lower MMD ratios than
DiGress at all timesteps across all three structural statistics except Degree, where we surmise the
LSP over-corrects the degree when inducing node heterogeneity. At t = 500, where the input is
close to the terminal prior, DiGress produces graphs with very high MMD as the ER prior provides
no structural information making it difficult for the denoiser. JointLSP+DiGress already achieves
substantially lower MMD at this stage, confirming that the LSP along with the joint diffusion process
provides a more informative starting point. As t→ 0 both models improve, but JointLSP+DiGress
maintains a consistent advantage, particularly on assortativity and triangle count. This supports
our main claim that our proposal indeed improves the diffusion pipeline and does not result in the
fixed-point pathology we have pointed out.
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Figure 3: We track the MMD ratio across various diffusion timesteps for JointLSP+DiGress and
DiGress. Our proposed framework consistently generates good quality graphs even at intermediate
steps.

D.4 LSP induces node heterogeneity

To verify that the proposed prior preserves node distinguishability, we simulate graphs (m = 100
graphs) with increasing node sizes n = {10, 20, 50, 100, 500, 1000} under three random graph
models:

1. Dense Bernoulli baseline: Aij ∼ Bern(ρdense), where ρdense = 0.1.

2. Sparse mean-field Bernoulli: Aij ∼ Bern(ρsparse), where ρsparse =
k̄

n−1 and k̄ = 5, and

3. Latent Sociability Prior: Aij ∼ Bern(Pij), where Pij = 1− e(−ceui+uj ).

To quantify node-level heterogeneity, we measure the within-graph degree variance Vari(d
(m)
i ) and

within-graph degree mean Ei[d
(m)
i ], and define the dispersion index

φ =
Vari[d

(m)
i ]

Ei[d
(m)
i ]

, (56)

which we then average across all sampled graphs. This statistic captures how much node degrees vary
within a graph. The results are shown in Figure 4. As n→ 1000, both the dense and sparse Bernoulli
baselines yield φ ≈ 1, indicating that edge-independent models remain tightly constrained by their
mean degree and therefore, by design, cannot induce meaningful node heterogeneity. In contrast,
LSP consistently yields φ > 1, showing that it preserves non-trivial degree variation as graph size
increases. This confirms that, unlike ER-type models, LSP does not collapse to a homogeneous
fixed-point.
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Figure 4: Dispersion index φ as a function of node size under three prior models. Unlike edge-
independent Bernoulli baselines, LSP preserves non-trivial node heterogeneity as graph size increases.

D.5 LSP can generate higher triangle and cycle counts

We conduct a second experiment to study how higher-order graph statistics scale with increasing
graph size under a fixed mean-degree constraint. This distinction is important, since large triangle
or cycle counts can be obtained trivially by generating dense graphs. Specifically, for node sizes
n = {10, 20, 50, 100, 500, 1000}, we simulate 100 graphs from each random graph model while
fixing the mean degree to the same target value. For each graph, we measure the number of triangles,
4-cycles, and 4-cliques, and study how these quantities scale as n increases. The results, shown in
Figure 5, indicate that LSP consistently produces substantially larger higher-order structure counts
than a sparse mean-field Bernoulli prior under the same mean-degree budget. This shows that the gain
is not a consequence of simply generating denser graphs, but of inducing non-trivial dependencies
that support richer local structure.
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Figure 5: We simulate graphs using the sparse Bernoulli and our proposed LSP and compute how
many triangles, 4-cycles and 4-cliques can the prior generate at a fixed mean-degree resolution while
the number of nodes is increased.

D.6 Structural features are uninformative for E-R graphs

In Figure 6 we empirically validate Lemma 4.3. We simulate 100 graphs of node sizes n ∈
{100, 500, 1000, 2000, 5000} under two priors at matched edge density ρ = 0.1. For E-R, each
edge is drawn independently with probability p = 0.1. For the LSP, we fix σLSP = 1.0 and solve
for µLSP such that E[pij ] = 0.1 using the calibration procedure of Algorithm 1. Graphs are then
sampled directly from the prior by drawing ui ∼ N (µLSP, σ

2
LSP) and connecting each pair (i, j)

with probability pij = 1 − e−eui+uj . Note that no diffusion process is involved; we sample from
the terminal prior directly to isolate the effect of the prior on structural feature statistics. For each
graph, we compute the per-node triangle count Ci and measure std(Ci/C̄) where C̄ = meani(Ci).
As n grows, this quantity vanishes for E-R graphs, confirming that structural features become
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increasingly uniform across nodes and therefore uninformative to a denoiser. The LSP maintains a
stable, non-trivial spread across all graph sizes.
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Figure 6: We empirically validate the hypothesis that in the large graph limit the structural features
derived from an E-R are uninformative for the denoiser.

E Dataset generation

CoraChameleon datasets. Existing datasets like Community and Planar graphs which are usually
used in evaluation of the graph diffusion models do not accurately reflect the characteristics of
real-world graphs. Hence, we generate 5 new datasets by sampling from two real-world datasets Cora
[32] and Chameleon [44].

We apply 3 sampling strategies to the source graphs: random walk based where a biased random walk
starts from a random node. The walk continues until∼ 1.5x the target node size has been visited, then
the BFS-largest connected component is taken. After half of the allowed attempts, the starting node
is biased toward high-degree nodes to improve connectivity. Forest-fire [30] which starting from a
seed node, each active node stochastically ignites a geometrically-distributed number of its unburned
neighbors with forward probability pforward = 0.7 and backward probability pbackward = 0.3. And
a dense-core sampling strategy that randomly picks top-10% of highest degree nodes in the source
graph as candidate neighbours and greedily scores how many edges are already in the currently
selected set and picks the highest-scoring candidate and adds it. A density check is done once target
size nodes are collected, rejects the subgraph if it isn’t connected or if its average degree is below
minimum average degree (default 4.0). We use a ratio of 40% Random walk, 40% Forest-fire and
20% Dense core to generate our synthetic graphs. Additionally 100 graphs are generated which are
divided into 60/40 as test and validation sets respectively. The hyperparameters are tuned on the
validation set.

Ego network Similar to SparseDiff [42] we also evaluate our models on the Ego dataset [54] which
is a 3-hop ego network extracted from the Citeseer dataset [46].

Community dataset We also evaluate on the community dataset [54] which consists of 2 commu-
nities generated by an E-R model with n = |V |/2 nodes and p = 0.3. The inter-community edges
are added with probability 0.05|V | with uniform probability. In Table 8 we provide the data statistics
of the graphs used for the generation task.

E.1 Training details

All experiments were implemented in PyTorch and PyTorch Geometric [13]. Our model architecture
follows DiGress and SparseDiff, using a Graph Transformer [11] as the denoising network. All
experiments were run on a single A40 GPU. Hyperparameters are provided in Table 9. For each
configuration, we train a single model and run inference three times with different random seeds;
reported mean and standard deviation are computed over these three inference runs.
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Table 8: Statistics for the datasets used in the graph generation experiments

Dataset #Graphs #Nodes #Edges

CoraChameleon-Node10 3000 10 [14,45]
CoraChameleon-Node20 3000 20 [27,120]
CoraChameleon-Node50 3000 50 [71,300]
CoraChameleon-Node100 3000 100 [172,600]
CoraChameleon-Node500 1400 500 [1282,4630]

EGO 757 [50,399] [57,1071]
Community 510 [60,160] [231,1956]

(a) CoraChameleon-Node100 (b) CoraChameleon-Node500

(c) Community dataset

Figure 7: Sample graphs from the training set.

Runtime analysis LSP does not change the complexity of the underlying model. The denoiser
forward pass is O(Kn2d2) for both DiGress and JointLSP+DiGress; the operations LSP adds is

computing p0ij = 1 − e−e
u0
i+u0

j across node pairs and the DDPM update on the n latent variables
which are O(n2) and O(n) respectively, smaller than the base cost by a factor O(Kd2). Prior
calibration (Algorithm 1) is a one time pre-processing step, not per-iteration.

List of auxiliary features In Table 11 the details of node level and graph level features used as
auxiliary features for DiGress is provided.

F Broader impact

Graph diffusion models have potential applications across a range of domains, including drug
discovery, protein interaction networks, and social network analysis, where the ability to generate
realistic graph structures could accelerate scientific discovery or inform network design. Like
all generative models, these methods are not free from certain risks, for instance, realistic graph
generation could in principle be misused to generate fake synthetic social network structures or in
the long term, to design molecules with adversarial properties. However, we note that these risks
are not specific to our contribution. This work addresses a theoretical limitation in existing discrete
graph diffusion pipelines and proposes a prior and a joint diffusion framework that improves graph
generation in the no-node-feature setting.
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(a) Sample CoraChameleon-Node100 graphs gen-
erated using JointLSP+DiGress.

(b) Sample CoraChameleon-Node100 graphs gen-
erated using DiGress.

Figure 8: We visualize the generated graphs from both JointLSP+DiGress (a) and DiGress (b) on
CoraChameleon-Node100 dataset. Clearly, we can observe that without node features the generation
quality is impacted, but DiGress generates graphs which are dense and hairball-like even generating
isolated nodes.

Table 9: Hyperparameters used for the graph generation task.

Dataset #Layers LR Weight
Decay

#Training
Epochs

Diffusion
Steps

JointLSP+DiGress

CoraChameleon-Node10 6 0.0001 0.00012 5000 500
CoraChameleon-Node20 6 0.0001 0.00012 5000 500
CoraChameleon-Node50 6 0.0001 0.00012 5000 500

CoraChameleon-Node100 6 0.0001 0.00012 5000 500

JointLSP+SparseDiff

CoraChameleon-Node10 6 0.0001 0.00001 100 500
CoraChameleon-Node20 6 0.0001 0.00001 100 500
CoraChameleon-Node50 6 0.0001 0.00001 100 500

CoraChameleon-Node100 6 0.0001 0.00001 100 500
CoraChameleon-Node500 4 0.0001 0.00001 100 500

EGO 6 0.0001 0.000012 2000 500
Community 6 0.0001 0.000012 1000 500

Table 10: Runtime analysis
Metric DiGress JointLSP+DiGress

Model parameters 8,888,579 8,888,579
Training step (in ms) 493.3±4.7 489.8±5.0

Peak GPU Memory (GiB) 13.40 13.39
Sampling (graph/sec) 9.50 9.33

Table 11: Auxiliary features used in DiGress.
Feature Description

k3_node Node triangle count
k4_node Node 4-cycle count
k5_node Node 5-cycle count
k3_graph Graph triangle count
k4_graph Graph 4-cycle count
k5_graph Graph 5-cycle count
k6_graph Graph 6-cycle count
n_comp Number of connected components
nonLCC Indicator for nodes outside the largest connected component
eigvec1 First nontrivial Laplacian eigenvector
eigvec2 Second nontrivial Laplacian eigenvector
eigval1 First nonzero Laplacian eigenvalue
eigval2 Second nonzero Laplacian eigenvalue
eigval3 Third nonzero Laplacian eigenvalue
eigval4 Fourth nonzero Laplacian eigenvalue
eigval5 Fifth nonzero Laplacian eigenvalue
n/max_n Normalized graph size (n/nmax)
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We identify a fixed-point pathology in existing graph diffusion models applied
to unconditional graph generation without node features. As a resolution we propose a novel
prior called the LSP and a joint diffusion process that co-evolves latent variables along with
discrete graph diffusion that allows for better graph generation.

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We include a Limitations section 7 that discusses the scope of the current work
and also includes possible future directions to extend the proposed framework.

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: Our work includes several theoretical results which are substantiated with
detailed proofs. All the proofs are available in Appendix B.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide access to our code base in the supplementary materials and all the
training details and hyperparameters are provided in Appendix E.1 to ensure reproducibility.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The datasets used are publicly available. The synthetic datasets used are
provided as part of the code base that allows for reproducing the results.
Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: The code and the datasets used are provided as part of the supplementary
materials, while the hyperparameters are provided in the Appendix E.1.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We present results with mean± std for all the experiments.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the training details in Appendix E.1.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We adhere to the NeurIPS Code of Ethics and our submission does not need
any exceptions.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We have included a broader impact section in Appendix F.

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: This work poses no such risks.

Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All the assets used in the work including datasets and code bases are properly
attributed in the citations.

Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]

Justification: This work does not introduce any new assets.

Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: This work does not involve any crowdsourcing.

Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: This work does not involve any study participants.

Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The core method development in this work does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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