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Abstract—Hypergraphs, in contrast to general graphs, utilize
hyperedges to connect multiple nodes, thereby inherently facili-
tating the representation of higher-order relational structures. To
leverage the benefits of hypergraphs, several Hypergraph Neural
Networks (HyGNNs) have been proposed to model hypergraph
structures. Although existing HyGNNs excel at capturing complex
relationships in homophilic hypergraphs, they still face challenges
in modeling heterophilic hypergraphs, as most existing HyGNNs
are designed based on the homophily principle. Recent studies have
attempted to leverage attention mechanisms that are less reliant
on the homophily principle. However, these attention mechanisms
remain ineffective for nodes in heterophilic hypergraphs. To tackle
the aforementioned challenges, we propose a novel Broadcast
HyperGraph Neural Network (BHyGNN) to adaptively broadcast
node information to learn more effective node representations in
heterophilic hypergraphs. Specifically, we devise a novel Varia-
tional Broadcast Autoencoder Network to sample the broadcast
and receive actions to propagate information between nodes and
hyperedges. Moreover, we design an incorporation transformer
mechanism to perform the estimated broadcast or receive actions
to learn the hyperedge or node representations, incorporating
the information from both sides. Extensive experiments over five
benchmark heterophilic hypergraph datasets and six homophilic
hypergraph datasets demonstrate the effectiveness of BHyGNN
over all baseline methods. Our source code and datasets are
available at https://github.com/Tianyi-Billy-Ma/BHyGNN.

Index Terms—Heterophily Hypergraph, Hypergraph represen-
tation learning, Graph neural network.

I. INTRODUCTION

Recently, several hypergraph neural networks (HyGNNs)
[1]–[6] have been proposed to capture the rich and complex
structural relationships in hypergraphs effectively. Most existing
HyGNNs are based on the homophily principle, i.e., connected
nodes belonging to the same class or having similar features [7]–
[9]. Specifically, HyGNNs model the principle of homophily
using classic message-passing neural networks (MPNNs) [10]–
[16], i.e., propagating attribute features and aggregating them
to neighbor nodes through various mechanisms. For instance,
HyperGCN [11] transforms hypergraphs into homophilic graphs
and feeds the node attribute features with homophilic graph
structures into GCN [17], to learn the node embeddings.
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However, there are opposite settings in real-world scenarios,
leading to networks with heterophily: connected nodes
are likely from different classes or have dissimilar attribute
features [18]. Node classification in heterophilic hypergraphs
is more challenging than that in homophilic hypergraphs [19],
[20]. In addition, heterophily has been shown to be a more
common phenomenon in hypergraphs than in general graphs
as it is hard to expect all nodes in a giant hyperedge to
share the same label [21]. For example, in the Walmart
hypergraph dataset [22], nodes represent products purchased at
Walmart, each hyperedge corresponds to products purchased
in a shopping trip, and node labels indicate product categories.
Products with similar functions, i.e., identical labels or similar
attribute features, are unlikely to be purchased together, e.g.,
a shopping trip for business travel may only contain either a
travel size or a regular size toothpaste, but not both.

Although existing HyGNNs achieve excellent performance
in homophilic hypergraphs, these works still face the following
limitations in modeling heterophilic hypergraphs: (i) The
assumption of high homophily by most HyGNNs limits their
ability to accurately model heterophilic or low-homophilic
hypergraph structures. In some cases, MLPs, which ignore
hypergraph structures, may outperform HyGNNs in mod-
eling heterophilic hypergraphs. For instance, HGNN [10]
leverages a hypergraph convolution operation to propagate
node information for representation learning. The propagation
process produces a similar representation for nodes connected
in the same hyperedge. However, in heterophilic hypergraphs,
where connected nodes belong to different classes, HGNN may
generate similar representations for nodes with distinct labels,
potentially compromising its ability to differentiate between
node classes. (ii) A few studies [23]–[25] attempt to address the
heterophily issue by employing attention mechanisms on node
attribute features, which are less reliant on the homophily prin-
ciple. However, the attention mechanisms cannot distinguish the
information within the same hypergraph structure. For example,
AllSet [26] applies multiset transformer operators on node and
hyperedge sides for representation learning. Although AllSet
alleviates the heterophilic issue with the multiset transformer,
it is a permutation-invariant propagation operator and merely
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learns the importance of terms on one side (either nodes or
hyperedges), which may not effectively distinguish nodes in
certain heterophilic cases [19]. Taking the Walmart hypergraph
dataset as an example, two products from different classes,
toothpaste and a flash drive, purchased on exactly the same three
shopping trips, will receive identical information in propagation,
resulting in similar node embeddings. Therefore, a research
gap exists in designing hypergraph neural networks that can
handle the heterophily issue.

To tackle the aforementioned challenges, we propose a
novel hypergraph neural network called Broadcast HyperGraph
Neural Network (BHyGNN) that nodes adaptively broadcast
information to hyperedges, and further discriminately receive
the information from hyperedges. Specifically, to tackle the
first challenge, we devise a novel Variational Broadcast
Autoencoder Network (VBA-Net) to estimate node actions
(broadcast or receive) to facilitate propagation mechanism in
learning more informative node representation on heterophilic
hypergraphs. In particular, we feed the hypergraph with node
and hyperedge features into a variational autoencoder to encode
the hypergraph into the latent representations and decode
the latent representations via the variational distributions to
learn the probability of actions. Afterward, we leverage the
Straight-through Gumbel-Softmax Estimator to sample the
discrete actions for every node in the corresponding hyperedges.
To address the second issue, we design an incorporation
transformer for learning nodes or hyperedge representations
from each other. Unlike AllSet, which merely adopts the
information from one side (nodes or hyperedges) to update the
target representations (hyperedges or nodes), we incorporate the
node information and hyperedge information and employ the
incorporated features into the transformer mechanism to update
either the node representations or the hyperedge representations.
Specifically, with the broadcast actions estimated by VBA-
Net, we utilize the incorporation transformer to propagate
node information adaptively, incorporated with hyperedge
information, to generate the hyperedge embeddings. Afterward,
we employ another VBA-Net to sample the receive actions
based on node embeddings and updated hyperedge embeddings.
Moreover, we utilize an incorporation transformer to execute
sampled receive actions on node embeddings, incorporated
with updated hyperedge embeddings to obtain the current layer
node embeddings. Last, we leverage an MLP as the classifier
on final node embeddings for downstream tasks. To conclude,
this work makes the following contribution:

• Problem: This work proposes to leverage HyGNNs to tackle
the heterophilic issue in hypergraphs.

• Novelty: We design a novel Broadcast HyperGraph Neural
Network (BHyGNN), including a VBA-Net and an incor-
poration transformer to allow nodes to broadcast or receive
information from hyperedges adaptively.

• Effectiveness: Comprehensive experiments over both bench-
mark heterophilic and homophilic hypergraph datasets
demonstrate the effectiveness of our model.

II. RELATED WORK

Hypergraph Neural Networks. Unlike graphs where each
edge connects two nodes [13], [14], [17], [27]–[39], hyper-
graphs allow hyperedges to connect any arbitrary number of
nodes, which can represent higher-order relationships [2], [40].
To utilize the advantages of hypergraphs, various Hypergraph
Neural Networks (HyGNNs) [7]–[9], [12], [23], [26] have
been developed, aiming to model the complex relationships in
hypergraphs effectively. Early HyGNNs [10], [11] attempt to
employ GNNs to hypergraphs by transforming hypergraphs into
graphs and further utilizing GNNs to learn the node representa-
tions. Despite the simplicity of these early studies, they usually
lead to undesired losses in learning performance [26], [41].
On the other hand, recent works [19], [26] view hypergraphs
as bipartite graphs and design multiset propagation rules that
generate the hyperedge embeddings from node attribute features
and propagate hyperedge embeddings back to nodes as final
node embeddings. Inspired by existing HyGNNs, this work
proposes a hypergraph propagation mechanism to propagate
information between nodes and hyperedges adaptively.
Heterophilic Graph Representation Learning. In recent years,
various graph representation learning models have been pro-
posed to address the heterophily settings [42]–[44]. For instance,
an early work, Geom-GCN [45], pre-computes unsupervised
node embeddings and utilizes geometric relationships in the
embedding space to establish a bi-level aggregation process to
handle the heterophily. Additionally, a more recent study [46]
introduces neural sheaf diffusion models that learn cellular
sheaves to address the heterophily issue in graphs. Despite
the extensive exploration of graph representation learning in
heterophily settings, the domain of representation learning on
heterophilic hypergraphs has not yet been thoroughly studied.
Motivated by this, this work proposes a novel and effective
hypergraph representation learning method to address the
heterophily issue of hypergraphs.

III. PRELIMINARY

Definition III.1. Hypergraph. Given a hypergraph H =

(V, E ,X ), V = {v1, . . . , vN} is the set of nodes with size N ,
E = {e1, . . . , eM} is the set of hyperedges with size M , and X
is the attribute feature set. A hypergraph can be represented by
an incidence matrix M ∈ RN×M , where Mi,j = 1 if vi ∈ ej ;
otherwise, Mi,j = 0. Besides, we use d(vi) = ∑ej∈E Mi,j

and d(ej) = ∑vi∈V Mi,j to denote the degrees of node and
hyperedge, respectively.

Definition III.2. Hypergraph Homophily. Given a hypergraph
H = (V, E ,X ) with a set of node classes C = {c1, . . . , c∣C∣},
the homophily score of the hypergraph H is measured from
node and hyperedge aspects. The homophily score for node
v is computed as h(v) = ∣{u ∶ u ∈ Nv ∧ yv = yu}∣/∣Nv∣,
where yv is the label of node v, and Nv is the neighbors of
node v. The homophily score of a hyperedge e is the maximum
ratio of nodes in hyperedge e that have the same class label:
h(e) = maxc∈C ∣{v ∶ v ∈ e ∧ yv = c}∣/∣e∣. We refer to the
class that emits the maximum ratio as the majority class of



hyperedge e, and the rest of the classes are the minority classes
of hyperedge e.

Problem Definition. Heterophilic Hypergraph Neural Net-
work. Given a heterophilic hypergraph G = (V, E ,X ) with
ground-truth label Y, the objective is to build a hypergraph
neural network model f ∶ V → Rd to project nodes into
d-dimensional embeddings for downstream tasks with Y.

IV. METHODOLOGY

In this section, we present the details of Broadcast
HyperGraph Neural Network (BHyGNN) , which is designed
to handle the heterophily issue in hypergraphs through the
following two key stages: (i) VBA-Net to sample the broadcast
and receive actions; (ii) Incorporation transformer to execute the
broadcast or receive actions for node representations. Our model
propagates node information layer-wise, and we denote the
previous layer representation as Z′ and the current layer updated
representation as Z. The following sections will elaborate on
the implementation details of these two stages within a single
layer, as illustrated in Figure 1.

A. VBA-Net for Action Learning

Previous works [10]–[12] primarily follow the homophily
principle, where nodes within a hyperedge share identical labels
or similar attribute features. However, this strategy encounters
limitations on heterophilic hypergraphs, where nodes linked by
a hyperedge often fall into different classes or have dissimilar
attribute features [19], [26]. This limitation highlights a crucial
gap in the current hypergraph neural network landscape.

In light of this limitation, we propose a novel Variational
Broadcast Autoencoder Network (VBA-Net) for heterophilic
hypergraphs that enables adaptive information exchange, i.e.,
nodes adaptively broadcast and receive valuable information,
optimizing representation learning in heterophilic hypergraphs.
Take a social media platform as an example: nodes represent
users, and hyperedges represent topics users can follow. Users
have the option to Broadcast their viewpoints or Receive
updates on each topic they follow. Node and hyperedge
attribute features correspond to user viewpoints and topic
updates, influenced by user-shared viewpoints, respectively.
Under time constraints, users prioritize topics aligned with
their interests, as indicated by similar features. Therefore, to
accurately characterize a user, we integrate all the topic updates
from the user who receives updates as the corresponding
node representation. Following this idea, a straightforward
implementation to estimate broadcast and receive actions
involves employing a similarity function to compute the
scores between nodes and hyperedges. Subsequently, a node
v broadcasts to a hyperedge e if hyperedge e includes node
v and their score exceeds a predefined threshold, same for
estimating the receiving actions.

However, given the complexity of setting the optimal thresh-
olds for actions, which requires domain-specific knowledge and
may vary across node-hyperedge pairs, we advocate for a more
flexible and adaptable approach for action estimation. Inspired

by the well-studied variational inference generative models [47]–
[49], we propose to leverage the variational autoencoder to
estimate action a from two distinct action types: Broadcast
and Receive.

B. Variational Broadcast Autoencoder Network

VBA-Net contains an encoder neural network to encode the
hypergraph into latent representations and a decoder neural net-
work for action estimation. Considering the distinct behaviors
associated with the two action types, we employ dual VBA-
Nets, denoted as g

(B)(⋅) and g
(R)(⋅), to learn the broadcast and

receive actions, separately. In each VBA-Net g(⋅), the encoder
aims to learn the node latent representations HV ∈ RN×d and
hyperedge latent representations HE ∈ RM×d via the variational
distribution HV ∼ q(HV∣H) and HE ∼ q(HE∣H), where
d is the latent representation dimension, N and M are the
size of nodes and hyperedges, respectively. Unlike previous
works [20], [49], which adopt a separate graph or hypergraph
encoder to learn the variational distributions, we directly feed
the node embeddings Z

′
V ∈ RN×d and hyperedge embeddings

Z
′
E ∈ RM×d into VBA-Net g(B)(Z′V ,Z′E ,H) to encode the hy-

pergraph. It is noteworthy that using identical node embeddings
and hyperedge embeddings as inputs for both g

(B)(⋅) and g
(R)(⋅)

might result in similar variational distributions for the broadcast
and receive actions, hindering the learning of adaptive behaviors
for heterophilic hypergraphs. Therefore, instead of the identical
embedding inputs for g(B)(⋅) and g

(R)(⋅), we first apply broadcast
actions through the incorporation transformer (discussed later)
to update the hyperedge embeddings ZE . Subsequently, these
along with the original node embedding Z

′
V are fed into VBA-

Net g(R)(Z′V ,ZE ,H) to sample the receive actions.
Encoder. In each VBA-Net g(ZV ,ZE ,H)1, we consider the
normal variational posterior for latent representations, HV ∼

q(HV∣H) = N (µV , σ
2
V) and HE ∼ q(HE∣H) = N (µE , σ

2
E),

where µV ∈ RN×d and σV ∈ RN×d represent the Gaussian
mean and standard deviation for nodes, respectively. Similarly,
µE ∈ RM×d and σE ∈ RM×d denote the Gaussian mean and
standard deviation for hyperedges, respectively. We employ
Multilayer Perceptrons (MLP) to parameterize the mean µ∗
and the standard deviation σ∗:

µV = MLP(µ)
V (ZV), log σV = MLP(σ)

V (ZV),
µE = MLP(µ)

E (ZE), log σE = MLP(σ)
E (ZE).

(1)

Decoder. After obtaining the node and hyperedge variational
distributions, the decoder aims to estimate actions that guide
our propagation mechanism to generate effective node and
hyperedge embeddings in heterophilic hypergraphs. Specifically,
we leverage the reparameterization trick [48], [49] to encode
the nodes and hyperedges into the latent space:

HV = ρV ⊙ σV + µV , and HE = ρE ⊙ σE + µE , (2)

where ⊙ denotes the element-wise product, ρV ∼ N (0, I) and
ρE ∼ N (0, I) are the standard normal variables for nodes

1For simplicity, we omit the superscript in the following sections unless
explicitly needed.



Fig. 1: The overall framework of BHyGNN: (i) VBA-Net encodes the hypergraph H into the latent representations (HV ,HE)
via variational distributions; (ii) VBA-Net estimates the probability of broadcast actions and further employs the Gumbel-Softmax
to sample the discrete actions av,e for each node-hyperedge pair. (iii) The incorporation transformer performs broadcast actions
to learn hyperedge embeddings. (iv) With the updated hyperedge embeddings, we employ another VBA-Net to estimate the
receiving actions. (v) Lastly, we adopt an incorporation transformer to execute receiving actions to obtain the node embeddings.

V and hyperedges E , respectively. Afterward, the logit of
an action av,e is derived from the inner product between
the node latent representation Hv ∈ R1×d and hyperedge
latent representation He ∈ R1×d. Besides, we utilize the
sigmoid function to calculate the probability of action av,e,
i.e., P (av,e∣Hv,He) = Sigmoid(HT

v He).
To bridge the gap between discrete action sampling and

action probability, thereby ensuring the entire process is
differentiable, we employ the Straight-through Gumbel-Softmax
Estimator [50], [51] to reparameterize the action distribution
P , allowing for the computation of the action av,e as follows:

av,e = Gumbel-Softmax(p)

=
exp((log p + ϵ)/τ)

exp((log p + ϵ)/τ) + exp((log(1 − p) + (1 − ϵ))/τ) ,
(3)

where p denotes P (av,e∣Hv,He), ϵ ∈ R is a Gumbel value,
i.e., ϵ ∼ Gumbel(0, 1), and τ is a temperature parameter.
For forward propagation, we adopt discrete sampling, i.e.,
av,e ∈ {B,¬B}. The computation of av,e in Eq. 3 is exclusive
for optimization purposes.

Action Learning. To estimate broadcast actions at the current
layer, we feed the node embeddings Z

′
V and hyperedge

embeddings Z
′
E from the previous layer into the VBA-Net

g
(B)(Z′V ,Z′E ,H), resulting in broadcast actions B = {a(B)

v,e ∶
e ∈ E , v ∈ e, a

(B)
v,e ∈ {B,¬B}}. Then, we apply the broadcast

actions B using the incorporation transformer to learn the
current layer hyperedge embeddings ZE . Afterward, we feed
the node embeddings Z

′
V and the current layer hyperedge

embeddings ZE into VBA-Net g(R)(Z′V ,ZE ,H) to sample a set
of receive actions R = {a(R)

v,e ∶ e ∈ E , v ∈ e, a
(R)
v,e ∈ {R,¬R}}.

VBA-Net Optimization. With the variational inference, the
optimization of VBA-Nets g

(B)(⋅) and g
(R)(⋅) is achieved

through the variational lower bound L(B)
vlb and L(R)

vlb, respectively.
These are computed as follows:

L(∗)
vlb = Eq(HV ∣H)Eq(HE ∣H)[logP (∗∣HV ,HE)]
−DKL[q(HV∣H)∣p(HV)] −DKL[q(HE∣H)∣p(HE)],

(4)

where L(∗)
vlb is the variational lower bound for either broadcast

actions L(B)
vlb or receive actions L(R)

vlb, and P (∗∣HV ,HE) denotes
the probability of either broadcast actions P (B∣HV ,HE)
or receive actions P (R∣HV ,HE), w.r.t L(B)

vlb or L(R)
vlb. Here,

DKL[q(⋅)∣p(⋅)] is the Kullback-Leibler divergence between
variational posterior q(⋅) and prior p(⋅), with p(⋅) ∼ N (0, I)
as the default Gaussian prior. For simplicity, superscripts
indicating specific actions (B or R) for HV and HE are omitted.
Besides, to ensure adequate information propagation between
nodes and hyperedges in accordance with the hypergraph
structure, we introduce L1 norm regularizers for broadcast and
receive actions, denoted as L(B)

reg = ∣∣λM−M̂
(B)∣∣ and L(R)

reg =

∣∣λM − M̂
(R)∣∣, respectively. Here λ is a hyper-parameter, M

represents the incidence matrix of the hypergraph H, M̂(B) and
M̂

(R) are the incidence matrices of the broadcast actions B
and the receive actions R, respectively. Therefore, the total
variational loss for the current layer is formulated as follows:

Lvar = L(B)
vlb + L(B)

reg + L(R)
vlb + L(R)

reg. (5)

Next, we introduce our novel propagation mechanism to
perform the sampled actions.



TABLE I: Performance comparison (Mean accuracy % ± std) of baseline methods for node classification on heterophilic
hypergraph datasets. Bolded numbers indicate the best result and underlined numbers represent the runner-up performance.

SENATE SYNTHETIC CONGRESS HOUSE WALMART

# Nodes 282 282 2,000 2,000 1,718 1,718 1,290 1,290 88,860 88,860
# Edges 315 315 1,000 1,000 83,105 83,105 340 340 69,906 69,906
Avg. h(v) 0.50 0.50 0.28 0.28 0.55 0.55 0.51 0.51 0.53 0.53
Avg. h(e) 0.55 0.55 0.33 0.33 0.79 0.79 0.58 0.58 0.75 0.75
Noise std σ 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0

MLP [52] 62.24±6.39 50.35±3.25 50.00±1.19 37.48±0.65 79.45±1.18 65.91±1.55 77.12±3.00 64.07±2.70 62.23±0.14 44.69±0.13

HGNN [10] 60.06±2.81 49.35±2.64 42.42±1.85 37.90±1.54 90.91±0.77 88.08±1.37 61.24±1.72 57.24±1.76 77.19±0.12 61.34±0.19

HyperGCN [11] 55.00±3.02 51.82±2.49 41.61±2.03 32.51±1.24 84.81±1.56 83.32±1.18 75.62±2.03 62.43±2.68 62.02±0.67 49.61±0.42

HNHN [12] 62.18±6.99 54.71±4.15 49.67±1.45 37.11±0.93 89.71±1.17 82.97±1.66 68.36±2.21 65.16±1.88 68.68±0.95 58.01±0.46

HCHA [23] 47.71±1.37 46.20±2.84 32.50±1.73 27.18±1.44 91.04±0.64 89.81±0.91 61.28±1.54 56.98±1.42 76.55±0.15 61.83±0.19

UniGCNII [53] 60.06±5.16 52.24±4.17 49.62±1.37 37.13±1.40 92.91±1.04 89.56±6.48 78.64±1.29 65.45±1.36 72.36±1.26 63.72±0.52

AllSet [26] 65.47±3.42 51.76±4.60 52.84±0.80 42.78±0.81 93.65±1.29 88.65±3.84 78.81±1.51 65.20±1.58 78.74±0.25 65.35±0.25

ED-HNN [19] 65.53±3.10 55.47±4.87 55.96±1.34 43.59±1.54 94.20±0.98 92.07±0.75 79.01±1.00 65.70±1.98 78.15±0.42 65.07±0.84

HyGCL-ADT [54] 64.85±3.37 52.93±2.94 55.92±2.16 42.31±1.63 93.10±2.37 91.86±2.49 79.43±1.30 64.72±1.92 78.41±0.51 65.34±0.86

SheafHGNN [55] 64.35±4.72 54.32±4.26 55.42±3.82 43.97±2.73 90.72±2.41 91.07±2.97 79.75±1.84 65.93±2.30 OOM OOM
HypeBoy [56] 63.47±3.62 53.17±3.06 53.74±1.85 42.26±2.39 92.34±1.24 90.52±2.58 79.32±1.73 65.35±2.94 76.42±0.59 64.28±0.95

Ours 67.87±2.13 58.41±3.11 58.10±1.44 47.32±2.29 95.45±0.62 93.72±0.86 80.23±1.31 67.36±2.14 79.94±1.31 66.85±1.04

C. Incorporation Transformer

A few studies [23], [26] have attempted to alleviate the
heterophily issue in hypergraphs by attention-based mecha-
nisms. However, these attention mechanisms are not effective
in certain heterophilic cases [19]. For example, AllSet [26]
merely propagates the information from one side to the other
side in each step, making it difficult to distinguish nodes
in the same hyperedges. Given two nodes v1 and v2, from
distinct classes within the same hyperedges, i.e., {e,∀e ∈

E , v1 ∈ e} = {e,∀e ∈ E , v2 ∈ e}, they will have identical
node representations from shared hyperedges. To address this
issue, we design an incorporation transformer mechanism
that propagates current side (node or hyperedge) information,
incorporated with the previous information from the opposite
side (hyperedge or node), to learn the representations for entities
on the opposite side.
Representation Learning over Actions. With the broadcast
actions B and receive actions R sampled from VBA-Net, we
utilize an incorporation transformer to update the current layer
hyperedge embeddings ZE and node embeddings ZV , which
is formulated as follows:

Ze = MH(S(B)
e ; θe) and Zv = MH(S(R)

v ; θv), (6)

where, Ze ∈ Rb and Zv ∈ Rb are current layer embeddings
for hyperedge e and node v, respectively. S(B)

e ∈ Rce×d and
S

(R)
v ∈ Rcv×d are the stacked incorporation embeddings Z (B)

e

and Z (R)
v through mappings, respectively. Mathematically:

Z (B)
e = {Z′v∣∣Z′e ∶ a(B)

v,e = B}, ce = ∣Z (B)
e ∣, (7)

Z (R)
v = {Ze∣∣Z′v ∶ a(R)

v,e = R}, cv = ∣Z (R)
v ∣. (8)

Here, ∣∣ denotes the concatenation operation. Mention that
we first leverage VBA-Net to obtain the broadcast actions B,
and then apply the incorporation transformer to update the
hyperedge embeddings ZE . Afterward, we employ another
VBA-Net to sample the receive actions R and utilize the
incorporation transformer to update the node embeddings ZV .

Besides, MH(⋅) is a multi-head attention parameterized by
θ ∈ R1×hd′ , which is formulated as follows:

MH(S, θ) = ∣∣hi=1O(i)
,O

(i)
= ω(θ(i)(K(i))⊤)V, (9)

where h denotes the number of heads, O(i)
∈ R1×hd′ , ω is an

activation function, θ(i) ∈ R1×d′ , θ = ∣∣hi=1θ(i), K(i)
∈ Rc∗×d

′

and V
(i)

∈ Rc∗×d
′

are the key and value vectors, respectively.
d
′ is the hidden dimension of V

(i), and c∗ is either ce for
S

(B)
e or cv for S

(B)
e . Besides, we adopt two MLPs over S to

obtain the key and value vectors, i.e., K(i)
= MLP(i)

K (S) and
V

(i)
= MLP(i)

V (S).
Model Optimization. In this work, we adopt node classification
to evaluate the effectiveness of our designed method. We feed
the final node embeddings ZV into two-layer MLPs as the
classifier for the node classification task and adopt cross-entropy
loss Lce as the node classification loss. The final objective
function is L = Lce + α∑L

l=1 L
(l)
var, where α is a trade-off

hyper-parameter, and L is the number of layers.

V. EXPERIMENTS

A. Experimental Setup

Benchmark Datasets. To evaluate the effectiveness of our
model, we employ benchmark heterophilic hypergraphs, i.e.,
Senate [57], Congress [58], House [57], and Walmart [22],
and homophilic hypergraphs, including Twitter [1] and citation
datasets [11] (Citeseer, DBLP, Cora, Cora-CA, and Pubmed).
All heterophilic hypergraphs do not contain node attribute
features. Following existing works [19], [26], we utilize a
label-dependent Gaussian distribution [59] with added Gaussian
noise N (0, σ2) to create node features and choose 0.6 and
1.0 as the Gaussian noise standard deviations. Moreover, we
follow ED-HGNN and SheafHGNN [19], [55] to generate
synthetic heterophilic hypergraphs, denoted as SYNTHETIC. To
further examine the effectiveness of our model on heterophilic
settings, we utilize the hyperedge augmentation [20] to reduce



TABLE II: Performance comparison (Mean accuracy % ± std) of baseline methods for node classification on homophilic
hypergraph datasets. Bolded numbers indicate the best result, and underlined numbers represent the runner-up performance.

TWITTER CITESEER DBLP CORA CORA-CA PUBMED

# Nodes 2,936 2,936 3,312 3,312 41,302 41,302 2,708 2,708 2,708 2,708 19,717 19,717
# Edges 35,502 35,502 1,070 1,079 22,363 22,363 1,072 1,072 1,579 1,579 7,963 7,963
Avg. h(v) 0.41 0.82 0.42 0.83 0.49 0.87 0.40 0.80 0.45 0.90 0.48 0.95
Avg. h(e) 0.45 0.90 0.42 0.83 0.47 0.93 0.44 0.88 0.43 0.86 0.44 0.88
Type HET. HOMO. HET. HOMO. HET. HOMO. HET. HOMO. HET. HOMO. HET. HOMO.

MLP [52] 67.38±0.64 67.38±0.64 68.05±1.17 68.05±1.17 83.76±0.19 83.76±0.19 68.45±0.78 68.45±0.78 69.45±0.97 69.45±0.97 84.45±0.31 84.45±0.31

HGNN [10] 67.17±0.73 68.52±1.16 55.10±0.79 69.32±0.50 68.53±0.19 90.38±0.18 58.64±0.85 76.11±0.85 62.94±0.97 79.42±0.80 80.91±0.30 85.82±1.08

HyperGCN [11] 55.68±3.61 69.29±0.62 56.87±1.32 69.13±1.42 65.80±4.31 88.37±0.20 56.41±1.79 73.89±1.16 56.59±1.77 75.12±1.40 64.96±2.12 86.31±3.52

HNHN [12] 62.08±2.33 67.78±0.80 66.65±0.76 68.36±1.24 81.76±0.32 86.42±0.20 62.79±1.18 71.52±1.47 64.69±1.91 72.12±1.36 83.62±0.33 85.92±0.60

HCHA [23] 67.63±1.17 72.04±0.66 53.33±0.88 68.84±1.12 67.91±0.23 90.27±0.19 55.71±1.21 75.97±0.90 63.27±1.05 79.23±0.52 75.87±0.32 83.53±0.35

UniGCNII [53] 67.66±0.93 69.57±1.39 60.38±1.21 70.21±0.97 81.80±0.30 90.53±0.17 58.08±1.44 76.25±1.53 61.66±1.70 78.20±1.64 85.24±0.38 86.31±0.20

AllSet [26] 69.16±0.97 70.64±1.16 67.91±2.17 69.71±1.00 84.06±0.21 90.69±0.12 67.54±0.91 74.26±0.76 69.90±1.19 78.30±1.50 85.04±0.36 86.38±0.37

ED-HNN [19] 69.07±1.07 73.47±0.63 66.30±0.75 69.82±2.77 83.90±0.25 90.85±0.21 67.13±1.16 75.78±1.26 70.04±1.78 79.88±0.61 86.04±0.46 87.26±0.24

HyGCL-ADT [54] 70.08±1.28 72.46±2.56 66.51±1.83 71.03±2.74 83.76±0.69 90.56±0.26 67.01±1.77 76.35±0.82 69.72±2.41 80.52±1.52 85.73±1.05 86.89±0.51

SheafHGNN [55] 68.95±1.43 72.87±1.90 66.16±2.86 70.57±1.98 82.17±0.46 90.29±0.27 67.42±2.38 76.19±1.61 69.82±0.98 81.14±2.38 84.16±1.20 85.41±0.68

HypeBoy [56] 68.77±1.41 71.36±1.29 67.05±1.42 70.98±1.94 81.72±1.94 91.26±0.84 66.82±2.97 76.40±1.37 68.39±1.49 80.04±3.52 85.29±2.85 87.94±1.01

Ours 72.86±0.94 75.61±0.76 68.95±1.60 70.12±1.12 85.05±0.25 90.93±0.31 69.26±1.04 75.87±0.70 70.99±1.55 80.72±0.58 86.90±0.39 88.02±0.53

the homophily in Twitter and citation datasets. Specifically,
for each hyperedge e, we first identify the majority class c

+.
Afterward, we randomly add ∣e∣ nodes from nodes that are
not in the original hyperedge e and do not belong to class c

+

to the hyperedge e, leading to a heterophilic hypergraph.
Baseline Methods. We adopt MLP and ten HyGNN-
based models as baseline methods, including HGNN [10],
HyperGCN [11], HNHN [12], HCHA [23], UniGC-
NII [53], AllSet [26], ED-HNN [19], HyGCL-ADT [54],
SheafHGNN [55], and HypeBoy [56]. We strictly follow
the settings of baseline methods from their source code to
reproduce the experimental results.
Experimental Settings. We leverage accuracy as the evaluation
metric to evaluate the performance of our model and baseline
methods. To conduct experiments in challenging and practical
settings, we split the data into training/validation/test samples
using 20%/20%/60%. Moreover, we run each method ten
times with 500 epochs and report the average score with
standard deviation (std). All experiments are conducted under
the environment of Ubuntu 22.04.3 OS plus an Intel i9-
12900K CPU, four Nvidia A40 graphics cards, and 48 GB
of RAM. We utilize Adam as the optimizer and run a grid
search on hyperparameters for each model to obtain the best
performance. We define the specific ranges to find the optimal
hyperparameters for every model. For instance, the range of
hidden dimensions for layers is {64, 128, 256, 512}, the range
of weight decays is {0.0, 0.01, 0.001}, and the range of learning
rate is {0.1, 0.01, 0.001, 0.0001}.

B. Result Analysis

Heterophilic Hypergraph. Table I shows the performance
of all models over five heterophilic hypergraphs with node
attribute features generated via different Gaussian noise stan-
dard deviations, i.e., 0.6 and 1.0. Mention that OOM indicates
that the model encounters out-of-memory issues. According

to Table I, we have the following conclusions: (i) MLP that
ignores hypergraph structures can outperform several HyGNNs
in heterophilic hypergraphs. This finding implies that the
heterophilic hypergraph structures may negatively affect the
performance of HyGNNs, which is the motivation of this work.
(ii) Attention-based methods, HCHA and AllSet, demonstrate
considerable performance in most datasets, but in some datasets,
they can fail to generate effective node embeddings, i.e.,
HCHA fails to outperform feature-based model MLP in Senate,
Synthetic, and House datasets. (iii) The top-performing baseline
models are AllSet and ED-HNN. Both utilize an invariant set
function to propagate node features to hyperedges and aggregate
back from hyperedges to nodes. This indicates the importance
of information from the other side in the propagation. (iv) Our
model outperforms every baseline model over all benchmark
heterophilic hypergraph datasets, which demonstrates the strong
effectiveness of our model in heterophilic hypergraphs for node
classification tasks.
Homophilic Hypergraphs. To further evaluate the effective-
ness of our model, we compare baseline models with BHyGNN
over benchmark homophilic hypergraph datasets. Besides,
inspired by the hypergraph augmentation methods [20], we
augment the benchmark homophilic hypergraph datasets to
simulate the heterophily settings and report the performance of
baseline methods and our models. Table II lists the performance
of baseline methods and BHyGNN under the aforementioned
two settings, i.e., Het. and Homo. Based on the result, we
make the following conclusions: (i) Feature-based method MLP
performs better than at least three HyGNNs in each augmented
dataset. Besides, MLP achieves the best performance among
all baseline methods in the augmented Citeseer and Cora
datasets. These findings again verify that heterophilic hyper-
graph structures can negatively affect HyGNNs. (ii) Our model
outperforms all baseline in augmented benchmark datasets and
has comparable performance in original homophilic datasets.



Fig. 2: Performance of different model variants over Senate, Synthetic, Congress, and House benchmark hypergraph datasets.

TABLE III: Performance comparison over HyGNNs for node
classification in setting 50%25%25%.

Model CONGRESS WALMART TWITTER Cora
(1.0) (1.0) (HOMO.) (HOMO.)

AllSet 92.16 65.46 73.62 78.58
ED-HNN 95.00 66.91 75.10 80.31
SheafHGNN 91.81 OOM 74.21 81.30
HyGCL-ADT 93.83 66.48 74.02 79.28

Ours 96.41 68.82 77.76 81.02

This again demonstrates its superiority in both settings.
Additional Experiments. Following existing studies [26], [55],
we conduct additional experiments over setting 50%/25%/25%
for training, validation, and testing, respectively, and the result
is provided in Table III. According to the table, we find that
our proposed model consistently outperforms SOTA HyGNNs
in heterophilic hypergraphs, i.e., Congress and Walmart, and
has comparable performance in homophilic hypergraphs, which
again indicates the effectiveness of our proposed model.

C. Ablation Study

We conduct ablation studies to analyze the contributions of
different components on four benchmark hypergraph datasets
for node classification. Specifically, we remove VBA-Net and
transformer function (A1), VBA-Net (A2), and transformer
function (A3), respectively, as illustrated in Figure 2. First, we
remove the VBA-Net and transformer function (A1), which
means we employ AllSet to obtain the node embeddings for
node classification. We conclude that BHyGNN is effective as
the performance of A1 drops significantly on all benchmark
hypergraph datasets. Afterward, we remove the VBA-Net from
our model (A2), which means we directly feed the hypergraph
into the transformer function for representation learning. The
decreased performance of A2 shows the effectiveness of
the VBA-Net module. Moreover, we remove the transformer
function from our model (A3), which means we merely employ
the VBA-Net to sample actions and feed the hypergraph
with actions into AllSet to obtain the node embeddings. The
decline of A3 demonstrates that the transformer function has
contributed to our model.

D. Hyperparameter Analysis

We conduct experiment to evaluate the rationality of our
model with respect to the hyperparameter λ, as shown in Ta-

TABLE IV: Performance of BHyGNN with different λ values
over heterophilic and homophilic hypergraphs.

λ
SENATE SYNTHETIC TWITTER CITESEER

(1.0) (1.0) (Homo.) (Homo.)

0.1 55.72±2.49 46.72±1.96 70.94±1.74 68.73±1.26

0.3 57.93±2.15 47.32±2.29 72.43±1.60 69.17±0.94

0.5 58.41±3.11 46.69±2.31 73.14±1.38 69.63±1.28

0.7 57.82±2.48 46.04±2.45 74.92±0.77 69.95±1.35

0.9 57.48±2.01 44.97±1.93 75.61±0.76 70.12±1.12

TABLE V: Hiden dimension sensitivity test over HOUSE (0.6).

64 128 256 512

AllSet 77.98±2.01 78.39±2.32 78.16±1.92 78.81±1.51

ED-HNN 78.11±2.05 78.60±1.74 78.92±1.53 79.01±1.00

Ours 79.10±1.52 79.72±1.61 80.02±1.05 80.23±1.31

ble IV. According to the results, the performance with different
λ values is related to the heterophilic level of the hypergraph
dataset. Specifically, for heterophilic hypergraphs, i.e., Senate
and Synthetic, the best performance is achieved when λ is
0.5 and 0.3, respectively. For homophilic hypergraphs, i.e.,
Twitter and Citeseer, the best performance is obtained when
λ = 0.9. This result empirically verifies the rationality of the
hyperparameter λ in our model.

Besides, we conduct sensitivity experiments for hidden
dimension d among heterophilic hypergraph House (0.6), and
the result is listed in Table V. According to the table, all models
achieve the best performance at high hidden dimensions (512).
Our 64-width BHyGNN can outperform AllSet and ED-HNN
with 512-width. This implies that our model is better tolerant
of low hidden dimensions.

E. Complexity Analysis

Time Complexity. The time complexity for feeding the node
and hyperedge feature matrix into VBA-Net takes O(N +M),
where N is the size of nodes and M is the size of hyperedges.
Then, sampling the actions takes O(L), where L is the number
of incidents in the incidence matrix of hypergraph H, i.e.,
L = ∑e∈E d(e) = ∑v∈V d(v) = ∑v∈V ∑e∈E Hv,e. The time
complexity of aggregation from node embeddings to hyperedge
embedding also takes O(L) in the worst case, i.e., we sample
broadcast for each action. Therefore, the time complexity to
compute hyperedge embeddings is O(N +M +2L). Since the
aggregation from hyperedge back to nodes adopts the same



TABLE VI: Performance and efficiency comparison. Training
and inference time are reported in (10−2s).

Dataset Metric ED-HNN BHyGNN

Training 2.39 ± 1.23 2.84 ± 1.58
SENATE (0.6) Inference 0.91 ± 0.07 1.12 ± 0.02

Accuracy 65.53 ± 3.10 67.87 ±2.13

Training 3.94 ± 1.44 5.08 ± 1.71
SYNTHETIC (0.6) Inference 1.56 ± 0.03 2.75 ± 0.04

Accuracy 55.96 ± 1.34 58.10 ± 1.44

Training 48.75 ± 2.10 27.73 ± 2.04
CONGRESS (0.6) Inference 14.52 ± 0.05 9.65 ± 0.06

Accuracy 94.20 ± 0.98 95.45 ± 0.62

Training 3.39 ± 1.29 4.04 ± 1.73
HOUSE (0.6) Inference 1.31 ± 0.04 2.23 ± 0.04

Accuracy 79.01 ± 1.00 80.23 ± 1.31

Training 46.04 ± 1.84 25.41 ± 1.74
WALMART (0.6) Inference 18.36 ± 0.09 10.73 ± 0.04

Accuracy 78.15 ± 0.42 79.94 ± 1.31

framework, the total time complexity of our model BHyGNN
is O(2N + 2M + 4L). Compared with baseline methods, our
model has similar time complexity among all baseline methods.

Space Complexity. In each layer, BHyGNN contains
two VBA-Net and two incorporation transformer modules.
Each VBA-Net takes O(2Nd + 2Md) to store Gaussian
mean for nodes µV ∈ RN×d, Gaussian mean for hyperedges
µE ∈ RM×d, Gaussian standard deviation for nodes
σV ∈ RN×d and Gaussian standard deviation for hyperedges
σE ∈ RM×d. Here, d is the dimension of the embeddings.
Afterward, the space to store the encoded node and hyperedge
embeddings is O(Nd +Md). The output of VBA-Net is a
sampled action set that requires O(L) space. Therefore, the
space complexity of each VBA-Net is O(3Nd + 3Md + L).

For incorporation transformer T
(B), storing incorporation

embedding set Z_e(B) and matrix S_e(B) takes O(2dL) and
O(dL), respectively. The output of incorporation transformer
T

(B) is the hyperedge embeddings ZE ∈ RM×d, which
takes O(Md) space. Therefore, the space complexity of
incorporation transformer T

(B) is O(3dL +Md). Similarly,
the space complexity of incorporation transformer T

(R) is
O(3dL+Nd). To sum it up, the space complexity of BHyGNN
for each layer is O(7Nd + 7Md + L + 6dL).

F. Efficency Analysis

We conduct an efficiency experiment and report the result
in Table VI. According to the table, our proposed method
BHyGNN has comparable training time and inference time
over small hypergraph datasets, i.e., Senate, Synthetic, and
House, with ED-HNN. For large hypergraphs, Congress and
Walmart, BHyGNN is more efficient than ED-HNN in terms of
training and inference time. Moreover, BHyGNN outperforms
ED-HNN over all heterophilic hypergraphs.

G. Embedding Visualization

To examine the effectiveness of our model intuitively, we
render the embeddings of House (0.6) and House (0.1) by

Fig. 3: Embedding visualization of AllSet, ED-HNN and
BHyGNN over dataset HOUSE (0.6) and HOUSE (1.0).

BHyGNN, AllSet, and ED-HNN in Figure 3. Each unique color
represents the embeddings corresponding to a specific class.
According to figure, BHyGNN shows smaller overlapping areas
compared with other baseline methods, which again demon-
strates the effectiveness of BHyGNN for node classification in
heterophilic hypergraphs.

H. Model Analysis over Heterophilic Hypergraphs

We leverage a detailed example in social media to demon-
strate the benefit of BHyGNN over heterophilic hypergraphs.
For simplicity, we compare BHyGNN with one of the SOTA
baseline methods, i.e., AllSet. Given a social network hyper-
graph H = {V, E ,X }, where V = {A,B,C,D,E} and the
hyperedge set E includes hyperedges e1 = {A,B,C,D}, e2 =

{A,D,E}, e3 = {A,B,D,E}, and e4 = {B,C,E}, the
downstream task is to predict whether the user likes outdoor
activities. Specifically, user A is interested in galaxy and
landscape photography, user B enjoys landscape photography,
user C is interested in galaxy photography, and users D and E
like food photography. Then, we have nodes ABC in class 1
(like outdoor activities) and DE in class 0. Clearly, the H is a
heterophilic hypergraph with score 0.63.

At each layer, AllSet learn the node embedding Zv as:

Zv = Aggr({Ze ∶ v ∈ e}), where (10)

Ze = Aggr({Z′v ∶ v ∈ e}). (11)

Here, Aggr(⋅) is a pooling function such as mean pooling
(AllDeepSets) or pooling by multihead attention (AllSetTrans-
former). In the above social media hypergraph H, AllSet learns
node embeddings for nodes A and D as:

ZA = ZD = Aggr({Ze1 ,Ze2 ,Ze3}), (12)

which means AllSet cannot differentiate them. Moreover, as
node A and node D are from different classes, AllSet cannot
effectively differentiate nodes from different classes in a
heterophilic setting.

However, our proposed method, BHyGNN, can effectively
handle the heterophilic issue via our novel VBA-Net and
incorporation transformer. Our model leverages VBA-Net to
learn the broadcast action for each node-hyperedge pair in the
hypergraph H. For instance, in hyperedge e1, as nodes A, B



and C share similar photography interests (compared with node
D), VBA-Net samples broadcast actions B, B, B, and ¬B for
nodes A, B, C, and D, respectively. Here, action B denotes
broadcast information from node to hyperedge. Formally, the
hyperedge embedding Ze1 is computed as:

Ze1 = Aggr({Z′A∣∣Z′e1 ,Z
′
B∣∣Z′e1 ,Z

′
C∣∣Z′e1}), (13)

where Z
′
A, Z′B, and Z

′
C are the previous layer node embeddings

for node A, B, and C, respectively. The learned hyperedge
embedding Ze1 by BHyGNN is more informative to depict
nodes that are interested in outdoor photography, i.e., galaxy
and landscape photography, than the hyperedge embedding
obtained by AllSet. Therefore, our designed module, VBA-Net,
is able to tackle the heterophilic issue in hypergraphs from an
adaptive broadcast perspective.

Next, we illustrate the advantages of our incorporation
transformer in heterophilic settings. We remove VBA-Net
module to analyze the pure benefit of the incorporation
transformer. The incorporation transformer updates the node
embeddings for nodes A and D as:

ZA = Aggr({Ze1∣∣Z
′
A,Ze2∣∣Z

′
A,Ze3∣∣Z

′
A}), (14)

ZD = Aggr({Ze1∣∣Z
′
D,Ze2∣∣Z

′
D,Ze3∣∣Z

′
D}). (15)

Intuitively, the learned embeddings for nodes A and D are
distinct, which further facilitates our model for differentiating
nodes in heterophilic hypergraphs. Therefore, our proposed
incorporation transformer can tackle the heterophilic issue in
hypergraphs from the aggregation aspect.

VI. CONCLUSION

This paper introduces a novel Broadcast Hypergraph Neural
Network, called BHyGNN, to address the limitations of existing
HyGNNs for heterophilic hypergraphs. We first introduce a
novel Variational Broadcast Autoencoder Network (VBA-Net)
to estimate the broadcast and receive actions for nodes to
facilitate the representation learning in heterophilic hypergraphs.
Then we devise an incorporation transformer that performs
the sampled actions to adaptively propagate node information
incorporated with hyperedge information to learn informative
representations in the heterophilic hypergraphs. Extensive ex-
periments on benchmark datasets demonstrate the effectiveness
of BHyGNN over baseline methods in both heterophilic and
homophilic hypergraphs.
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APPENDIX

A. Model Design of Incorporation Transformer

In this section, we first formulate the classic multi-head
attention [60] and further analyze our model design, compared
with the multi-head attention. Given a set of n query vectors,
each with dimension dq , Q ∈ Rn×dq , the self-attention function,
i.e., Att(Q,K,V;ω) = w(QK

T )V , maps queries Q to
outputs using nv key-value paris K ∈ Rnv×dq , V ∈ Rnv×dv

with an activation function w. The multi-head attention is
formulated as follows:

Multihead(Q,K,V;λ, ω) = ∣∣hi=1O(i)
WO, where (16)

O
(i)

= Att(QW
(i)
Q ,KW

(i)
K ,VW

(i)
V ;ω). (17)

Here, λ = W
(i)
Q ,W

(i)
K ,W

(i)
V

h
i=1 is a set of learnbale parameters,

with W
(i)
Q ,W

(i)
K ∈ Rdq×d

M
q , W

(i)
V ∈ Rdv×d

M
v , and WO ∈

Rhd
M
v ×d. h is the number of heads, and a typical choice for

the dimension hyperparameters is d
M
q = dq/h, dMv = dv/h,

and d = dq. Our Multi-head attention mechanism in Eq. 9 is
formulated as follows:

MHh(Se; θe) = ∣∣hi=1O(i)
,where (18)

O
(i)

= Softmax(θ(i)
e (K(i))T )V(i)

. (19)

Here, Se ∈ Rnv×dv is a matrix embeddings of nv nodes, θe ∈
R1×dq is a learnable parameter matrix, θe = ∣∣hi=1θ(i)e , K(i)

=

MLP(i)
K (Se) ∈ Rnv×d

M
q and V

(i)
= MLP(i)

V (Se) ∈ Rnv×d
M
v .

For clarification, we substitute the dimension notations here to
match the dimension notations in Eq 16. With the output of
MH(⋅), we further apply layer normalizations LN(⋅) and an
additional MLP layer to obtain the hyperedge embedding:

Ze = LN(Q +MLP(Q)), where (20)
Q = LN(θe +MH(Se; θe)). (21)

In Eq. 18, θe can be viewed as a seed vector Q, and MH(⋅)
considers interactions between the seed vector θe and nv nodes,
to compress n nodes into one with their attention similarities
between query and keys. Compare Eq. 18 with Eq 16, we
replace QW

(i)
Q with θ

(i)
e as θ

(i)
e is already a learnable matrix,

and employ another weight matrix WQ is unnecessary. Besides,
we drop the weight matrix WO, as it can be effectively taken
care of by V

(i). In Eq. 20, adding the learnable seed vector θe
to MH(⋅) is inspired by the common strategy in aggregation
scheme, i.e., pooling by multihead attention [61] and GMT [62].
As discussed in GMT, the learnable seed vector θe can be
directly optimized end-to-end.
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