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Abstract
In many real-world scenarios, interactions happen
in a group-wise manner with multiple entities, and
therefore, hypergraphs are a suitable tool to accu-
rately represent such interactions. Various genera-
tive models have been proposed to explore funda-
mental mechanisms underlying hyperedge forma-
tion. However, most existing models do not ac-
count for node attributes, which can play a sig-
nificant role in hyperedge formation. As a result,
they fail to capture the interactions between struc-
ture and node attributes. To address this issue, we
propose NOAH, a stochastic hypergraph generative
model for attributed hypergraphs. NOAH utilizes
the core–fringe node hierarchy to model hyperedge
formation as a series of node attachments and de-
termines attachment probabilities based on node at-
tributes. We further introduce NOAHFIT, a param-
eter learning procedure for fitting NOAH to a given
real-world hypergraph. Through experiments, we
show that NOAH with NOAHFIT more accurately
reproduces the structure–attribute interplay than
baseline hypergraph generative models. Our code,
supplementary materials, and datasets are provided
at https://github.com/jaewan01/NoAH.

1 Introduction
Many real-world interactions occur in groups, such as co-
authorship among researchers and group discussions on on-
line Q&A sites. Hypergraphs, which consist of hyperedges,
naturally represent group interactions involving an arbitrary
number of individuals or entities. Hypergraph modeling has
shown effectiveness in applications such as clustering [Ku-
mar et al., 2020; Hayashi et al., 2020], classification [Yu et
al., 2012], and anomaly detection [Chun et al., 2024].

Real-world hypergraphs exhibit systematic structural pat-
terns, such as high-degree nodes [Do et al., 2020], densely
overlapping hyperedges [Lee et al., 2021], and high transitiv-
ity [Kim et al., 2023]. Building upon these findings, a num-
ber of hypergraph generative models have been proposed to

*This is an abridged version of a paper that won the Best Paper
Award at ICDM 2025 [Chun et al., 2025]

reproduce realistic hypergraph structure. These models help
explain real-world hypergraphs, and they are also employed
in various data-mining applications, including community de-
tection [Ruggeri et al., 2023; Badalyan et al., 2024] and hy-
peredge prediction [Contisciani et al., 2022].

Despite their success, most hypergraph generative mod-
els overlook the interplay between hypergraph structure and
node attributes. Node attributes can offer valuable informa-
tion such as affiliation and field of study in co-authorship
hypergraphs, where nodes represent authors and hyperedges
represent co-authored publications. Moreover, as exemplified
by homophily [McPherson et al., 2001], such node attributes
can influence the formation of hyperedges.

Thus, we propose NOAH (Node Attribute based
Hypergraph generator), a novel hypergraph generative model
based on node attributes. To avoid considering exponentially
many hyperedge candidates, NOAH forms each hyperedge
through sequential attachments of nodes to its seed node(s).
Attachment probabilities are computed by multiplying affin-
ity scores derived from the values of each node attribute. In
addition, NOAH incorporates a core–fringe node hierarchy to
enhance realism. We also introduce NOAHFIT, which learns
the parameters of NOAH to capture the structure-attribute in-
terplay in a given hypergraph.

Through experiments on nine real-world hypergraphs us-
ing six structure-attribute measures, we show that NOAH
with NOAHFIT outperforms eight existing hypergraph gen-
erative models in the overall assessment across the measures.

2 Related Work and Preliminaries
We review related work and introduce the notation used
throughout the paper.

Related Work. (Hyper)graph generative models aim to
reproduce structural patterns observed in real-world (hy-
per)graphs [Chakrabarti and Faloutsos, 2006; Lee et al.,
2025], often to uncover mechanisms behind their formation.
Several models exploit node hierarchies [Kim et al., 2023;
Papachristou and Kleinberg, 2022]; our model follows this
line through a simple yet effective core–fringe structure.

Recently, various deep learning based (hyper)graph gen-
erative models, including variational autoencoders [Si-
monovsky and Komodakis, 2018], generative adversarial net-
works [Bojchevski et al., 2018; De Cao and Kipf, 2018], and

https://github.com/jaewan01/NoAH
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Figure 1: NOAH generates each hyperedge in two steps: (1) Core group construction: sample a seed core node vs according to pseed and
attach additional core nodes to vs to form a core group Cẽ, and (2) Fringe attachment: attach fringe nodes to core group Cẽ based on mixed
attribute vector xCẽ sampled attribute-wise from XCẽ . The attached core and fringe nodes, together with the seed node, form a hyperedge.

diffusion models [Liu et al., 2023], have also been proposed.
However, these models typically require a large collection of
graph instances for training.

For graphs, several generative models incorporate node at-
tributes, which can play a crucial role in graph generation, as
demonstrated by homophily [McPherson et al., 2001]. Exam-
ples include the exponential random graph model [Robins et
al., 2007], the stochastic block model [Airoldi et al., 2008],
and the latent space model [Wang et al., 2023]. Among
them, the Multiplicative Attribute Graph (MAG) model [Kim
and Leskovec, 2012] is especially relevant, as our attribute-
affinity formulation is inspired by its multiplicative edge
probability.

In contrast, very few hypergraph generative models incor-
porate node attributes. One exception is a stochastic block
model variant [Badalyan et al., 2024], where attributes are
conditionally independent of the hypergraph structure given
latent communities and thus do not directly drive hyperedge
formation. Unlike these models, NOAH forms hyperedges
explicitly based on attribute relationships among nodes, ex-
tending the attribute-driven perspective of MAG from pair-
wise edges to group-wise interactions.

Preliminaries. An attributed hypergraph H = (V, E ,X)
consists of a set of nodes V = {v1, · · · , v|V|}, a set of hy-
peredges E = {e1, · · · , e|E|}, and a node attribute matrix
X ∈ {0, 1}|V|×k. Each hyperedge e ∈ E is a non-empty sub-
set of nodes, and x

(l)
i denotes the l-th attribute value of node

vi. In this work, we assume binary node attributes, which
simplifies both model design and implementation while re-
maining valid for many real-world datasets. Moreover, cat-
egorical and continuous attributes can also be converted into
binary ones via one-hot encoding and thresholding, respec-
tively, as in our experiments.

3 Proposed Method
We introduce NOAH, a node attribute-based hypergraph gen-
erator, and NOAHFIT, its parameter fitting algorithm. The

generation process is illustrated in Figure 1.

3.1 Proposed Generation Method: NOAH
NOAH generates a hypergraph by stochastically sampling
nodes to attach to each hyperedge. The node set V is par-
titioned into two disjoint subsets: the core node set C ⊆ V
and the fringe node set F ⊆ V , s.t. C ∪ F = V . NOAH gen-
erates each hyperedge in a two-step process. First, a subset of
core nodes form a core group. Second, fringe nodes attach to
the core group according to attribute affinity with the group.
Step 1. Core Group Construction. NOAH initiates hyper-
edge construction by forming a subset of core nodes Cẽ ⊆ C,
which plays a role as the structural nucleus of the hyperedge.
Specifically, it first samples a seed core node vs ∈ C from the
seed probability distribution pseed ∈ [0, 1]|C|. Each remaining
core node vc ∈ C \ {vs} is then added based on its attribute
affinity with the seed node vs, computed as:

PC(vc|vs,ΘC) =
∏k

l=1
θ
(l)
C [x(l)

s ,x(l)
c ], (1)

where ΘC = {θ(1)
C , . . . ,θ

(k)
C } denotes core attribute affinity

matrices, and each θ
(l)
C ∈ R2×2 captures the affinity between

binary values of the l-th attribute.
Step 2. Fringe Attachment. Given the core group Cẽ,
NOAH constructs a binary attribute vector xCẽ

∈ {0, 1}k.
Each l-th attribute x

(l)
Cẽ

is independently sampled as:

x
(l)
Cẽ

∼ Bernoulli
(

1

|Cẽ|
∑

vi∈Cẽ

x
(l)
i

)
. (2)

This samples each attribute according to its average presence
among core-group members. Each fringe node vf ∈ F is
then attached with probability:

PF (vf |Cẽ,ΘF ) =
∏k

l=1
θ
(l)
F [x

(l)
Cẽ
,x

(l)
f ], (3)

where ΘF = {θ(1)
F , . . . ,θ

(k)
F } is the set of fringe affinity ma-

trices, and each θ
(l)
F ∈ R2×2 captures the affinity between

binary values of the l-th attribute.



T2 T3 T4 HE HOHE NHS A.R.
HYPERCL 6,816 10,702 10,672 19.81 122.02 19.94 6.7
HYPERPA 6,871 10,739 10,559 25.90 103.76 22.46 7.7
HYPERFF 6,472 10,483 10,677 17.60 66.97 15.23 4.0
HYPERLAP 6,757 10,737 10,311 18.33 55.40 19.43 5.0
hyper dK 6,968 10,234 10,154 13.38 102.83 16.09 3.7
THERA 6,450 10,498 10,476 18.04 53.58 18.59 3.8
HYCOSBM 6,285 10,613 10,278 19.89 135.30 38.60 6.0
HYREC 6,996 10,840 10,271 20.01 51.37 20.04 6.2
NOAH 5,734 10,157 10,151 24.31 44.26 15.39 2.3
NOAH-CF 9,036 14,550 13,515 48.26 106.32 121.04 9.7

(a) Citeseer (NOAH ranks first overall)

T2 T3 T4 HE HOHE NHS A.R.
HYPERCL 20.4 51.4 106.4 1.180 1.369 1.730 7.2
HYPERPA 20.6 52.6 107.8 1.175 1.421 1.654 8.0
HYPERFF 20.2 61.6 106.5 1.017 1.290 1.785 7.8
HYPERLAP 20.3 51.6 102.0 1.187 0.977 1.714 6.0
hyper dK 20.0 51.4 97.8 0.931 1.429 1.716 5.8
THERA 19.9 51.2 99.8 1.166 0.781 1.611 3.5
HYCOSBM 3.9 52.1 97.9 1.819 1.414 1.797 6.7
HYREC 19.8 54.0 92.8 0.740 0.960 1.637 4.3
NOAH 12.2 37.8 89.6 0.628 1.273 1.374 2.0
NOAH-CF 19.2 50.3 103.9 0.682 1.176 1.635 3.7

(b) High School (NOAH ranks first overall)
T2 T3 T4 HE HOHE NHS A.R.

HYPERCL 27.3 53.0 63.6 1.016 0.382 1.053 6.8
HYPERPA 27.3 55.4 71.2 1.154 0.527 1.096 8.8
HYPERFF 24.1 54.3 60.5 0.449 0.299 1.055 5.2
HYPERLAP 27.3 52.4 68.3 1.026 0.361 1.042 6.3
hyper dK 31.4 52.4 61.6 1.249 0.450 1.026 7.3
THERA 26.0 50.6 67.0 0.976 0.394 1.003 5.0
HYCOSBM 11.8 57.9 72.1 0.306 0.371 0.900 4.7
HYREC 25.3 50.6 61.8 1.138 0.402 0.982 5.3
NOAH 21.0 47.8 55.1 0.275 0.394 0.229 1.8
NOAH-CF 21.8 49.7 58.0 0.363 1.188 0.402 3.7

(c) Amazon Music (NOAH ranks first overall)

T2 T3 T4 HE HOHE NHS A.R.
HYPERCL 6.9 5.7 5.0 6.6 5.3 6.6 6.2
HYPERPA 7.8 8.6 7.4 7.7 8.0 7.2 9.7
HYPERFF 5.2 6.3 6.2 5.1 5.4 6.1 5.7
HYPERLAP 5.3 5.3 5.3 6.2 2.8 5.6 4.7
hyper dK 6.1 3.9 4.7 4.3 5.4 4.6 3.8
THERA 4.9 4.0 5.8 5.2 4.0 5.0 3.8
HYCOSBM 1.2 4.8 6.4 4.1 6.0 6.7 5.3
HYREC 7.7 7.1 3.9 5.6 5.1 4.0 5.0
NOAH 2.9 2.1 3.9 3.4 4.4 1.4 1.5
NOAH-CF 7.0 7.2 6.3 6.8 8.4 7.9 9.0

Average Rank over Nine Datasets (NOAH ranks first overall)

Table 1: NOAH outperforms baselines in reproducing structure-attribute interplay on three representative datasets and achieves the best
average rank over nine datasets. Top three results are highlighted in blue (first), green (second), and yellow (third). A.R.: average rank.

3.2 Proposed Fitting Method: NOAHFIT
NOAHFIT fits NOAH to a given attributed hypergraph by
learning pseed, ΘC , and ΘF .
Core and Fringe Partition. Given a hypergraph H,
NOAHFIT identifies core nodes C using UMHS [Amburg et
al., 2021] and defines fringe nodes as its complement, i.e.,
F = V \ C. Each hyperedge e is decomposed into core and
fringe subsets, Ce = e ∩ C and Fe = e ∩ F .
Derivation of the Likelihood of Each Hyperedge. For
each hyperedge e, NOAHFIT decomposes its likelihood into
core group construction and fringe attachment:

P (e) = Pcore(e) · Pfringe(e). (4)

Here, Pcore(e) accounts for selecting a seed core and attach-
ing the remaining cores in Ce, while Pfringe(e) accounts for
attaching fringe nodes in Fe.
• Likelihood of Sampling Core Nodes: Given a hyperedge
e, the likelihood Pcore(e) of its core group Ce is:

Pcore(e) =
∑

vs∈Ce

pseed(vs) · PC(Ce \ {vs}|vs),

where PC(Ce \ {vs}|vs) is the likelihood of sampling the
remaining core nodes Ce \ {vs} ⊂ C given the seed node
vs.

• Likelihood of Sampling Fringe Nodes: Given the core
group Ce, the likelihood of its fringe subset Fe is:

Pfringe(e) =
∏

vf∈Fe

PF (vf |Ce) ·
∏

vf∈F\Fe

(1− PF (vf |Ce)),

where PF (vf |Ce) is the probability of attaching fringe node
vf to the core group Ce, obtained by marginalizing over the
stochastic binary attribute vector xCe of Ce.

Update of the Parameters of NOAH. NOAHFIT learns
the parameters by minimizing

L = Ledge + wdegLdeg + wcardLcard. (5)

Ledge is the negative log-likelihood over hyperedges. Ldeg

and Lcard are the MSE losses matching expected degree and
cardinality distributions with those of the input hypergraph.

4 Experiments
We present experimental results demonstrating the effective-
ness of NOAH and NOAHFIT.

4.1 Experimental Settings
Datasets. We use nine real-world hypergraphs from four
domains: Citeseer & Cora [Yadati et al., 2019] (Aca-
demic Paper), High School [Chodrow et al., 2021] &
Workspace [Génois and Barrat, 2018] (Contact), Amazon
Music [Ni et al., 2019], Yelp Restaurant & Yelp Bar [Amburg
et al., 2020] (Review), Devops & Patents (Online Q&A)1.
Note that our experiments are done with varying numbers of
attributes, scaling from 5 (Workspace) to 3,703 (Citeseer).

Baselines. We consider eight baseline generative models:
HYPERCL, HYPERLAP [Lee et al., 2021], HYPERPA [Do et

1https://archive.org/download/stackexchange
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Figure 2: Structure–attribute interplay with respect to the first node attribute in the Amazon Music dataset. Our proposed generative model,
NOAH, fitted by NOAHFIT, effectively captures the interplay between structure and node attributes, outperforming HyperCL.

al., 2020], HYPERFF [Kook et al., 2020], hyper dK [Naka-
jima et al., 2021], THERA [Kim et al., 2023], HY-
COSBM [Badalyan et al., 2024], HYREC [Choe et al., 2025].
Among the baselines, HYCOSBM explicitly utilizes node at-
tributes. For HYPERPA, HYPERFF, THERA, and HYREC,
where node identities are not preserved during the generation
process, we assign node attributes randomly. For identity-
preserving baselines, we assign attributes according to the
corresponding original nodes.
Evaluation. We compare models in terms of their abil-
ity to reproduce the structure-attribute interplay using six
metrics. Type-s affinity ratio scores (T2, T3, T4) capture
fine-grained attribute compositions within size-s hyperedges,
while hyperedge entropy (HE), higher-order hyperedge en-
tropy (HOHE), and node homophily score (NHS) capture at-
tribute homogeneity at the hyperedge and node levels. For all
metrics, lower values indicate smaller discrepancies from the
ground-truth hypergraph. Detailed descriptions of the metrics
are provided in the full paper [Chun et al., 2025].

4.2 Performance Comparison
In Table 1, we report results on three datasets (Citeseer, High
School, Amazon Music) from different domains, along with
the average rank over all nine datasets. Averaged over nine
datasets, NOAH ranks first in four metrics (type-3 affinity
score, type-4 affinity score, hyperedge entropy, and node ho-
mophily score), second in type-2 affinity score, and third in
higher-order hyperedge entropy. NOAH achieves the best
average rank on 5 out of 9 datasets. These results demon-
strate the overall superiority of NOAH in capturing the struc-
ture–attribute interplay of real-world hypergraphs.

4.3 Case Study
We conduct a case study on the Amazon Music dataset,
where the first attribute indicates whether a reviewer has re-
viewed music in the New York Blues genre. As shown in
Figure 2, the ground-truth hypergraph exhibits strong ho-
mophily: hyperedge entropy is skewed toward 0, node ho-
mophily is skewed toward 1, and the type-(4, 4) affinity ra-
tio score is high for both attribute values. HYPERCL fails
to reproduce these patterns, whereas NOAH closely matches
them. The learned affinity matrices in Figure 3 further show
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Figure 3: θ
(1)
C and θ

(1)
F estimated by NOAHFIT on the Amazon

Music dataset. NOAHFIT captures homophily by assigning higher
affinities to same attribute value pairs (0 ↔ 0 and 1 ↔ 1) than to
different attribute value pairs (0 ↔ 1).

that NOAHFIT captures this homophily by assigning higher
affinities to same-value attribute pairs.

4.4 Ablation Study
To assess the contribution of the core–fringe node hierar-
chy in NOAH, we compare its performance with a vari-
ant, NOAH-CF, which omits this hierarchical structure. In
NOAH-CF, each hyperedge is generated by sampling a seed
node from the entire node set and attaching additional nodes
directly, without distinguishing between core and fringe roles.
As reported in Table 1, NOAH consistently outperforms
NOAH-CF across all datasets, showing the importance of the
core–fringe hierarchy in realistic hyperedge formation.

5 Conclusions
In this work, we proposed NOAH, a stochastic generative
model for attributed hypergraphs that reproduces realistic in-
terplay between structure and node attributes. By leverag-
ing a two-level node hierarchy, core and fringe nodes, NOAH
formulates hyperedge generation as the sequential attachment
of nodes (first cores, then fringes), where attachment proba-
bilities are governed by node attributes. We also introduced
NOAHFIT, a parameter estimation algorithm that fits NOAH
to a given hypergraph by estimating affinity matrices and
seed core probabilities. Through extensive experiments on
nine real-world hypergraphs across four diverse domains, we
demonstrated that NOAH with NOAHFIT more accurately
reproduces the structure–attribute interplay than eight exist-
ing hypergraph generative models across six metrics.
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