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Abstract

Hypergraph Neural Networks (HGNNs) have achieved remarkable performance in various
learning tasks involving hypergraphs. However, existing HGNNs consider the input hy-
pergraph as fixed during training, ignoring the fact that real-world hypergraphs may of-
ten contain noisy hyperedges or links that are irrelevant for the downstream task. This
makes them prone to overfitting, poor generalizability, and degrades their effectiveness on
heterophilic hypergraphs. To address these issues, we propose EdgeMask-HGNN, a su-
pervised sparsification method that learns a discrete subhypergraph under an explicit bud-
get constraint. EdgeMask-HGNN offers two distinct sparsification schemes: a fine-grained
sparsification and a coarse-grained sparsification, both trained end-to-end using supervi-
sion from the downstream task. Extensive experiments on node classification benchmarks
demonstrate that EdgeMask-HGNN is effective on heterophilic hypergraphs. On more ho-
mophilic datasets, its performance is often comparable to strong baselines. Beyond node
classification, EdgeMask-HGNN also shows superior link prediction performance on exist-
ing link prediction benchmarks compared to full training and unsupervised sparsification
baselines.

1 Introduction

Hypergraph Neural Networks (HGNNs) have emerged as powerful tools for learning on hypergraphs, where
a single edge can connect multiple nodes (beyond pairwise connections), unlike traditional graphs. There are
numerous real-world instances of such relations involving multiple entities: set of researchers collaborating
on a paper (Han et al., |2009), set of products purchased in a shopping cart (Xia et al., [2021), group of
legislators co-sponsoring a bill (Benson et al.l 2018]), or set of molecules participating together in biological
processes (Gaudelet et all 2018). A wide range of learning problems arises in hypergraphs— from node
classification (Duta et al., [2023) to node clustering (Chodrow et al.; |2021) to hyperlink prediction (Yadati
et al.,|2020)). HGNNs have proven to be effective for these tasks, demonstrating strong empirical performance.

However, real-world hypergraphs are often noisy and densely connected, making HGNNS prone to overfitting,
leading to poor generalizability. Sparsifying the hypergraph offers an effective solution, for instance, dropping
hyperedges uniformly at random (random sparsification), or sampling edges based on their degree in the
hypergraph (Leskovec & Faloutsos, |2006]). However, these methods may not preserve spectral properties and
may remove nodes important for downstream tasks. Spectral sparsifiers sample edges based on hypergraph
effective resistance to approximately preserve eigenvalues and eigenvectors of the original hypergraph (Soma,
& Yoshidal |2019). However, spectral sparsification may still fail to preserve task-relevant hyperedges, as
it does not exploit label information. At present, existing hypergraph sparsification methods are largely
task-agnostic and do not leverage supervision to identify task-relevant higher-order relations.

Why task-aware hypergraph sparsification. In many applications, hypergraph structures are con-
structed heuristically and inevitably contain task-irrelevant or even task-adversarial higher-order relations.
Treating the input hypergraph as fixed implicitly assumes that all hyperedges are equally valid for the down-
stream task, which is rarely the case. Figure[l|shows that sparsifying the hypergraph can improve predictive
performance over training on the full hypergraph and improve generalization. This motivates viewing hy-
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Figure 1: A synthetic 3-uniform hypergraph (#nodes=30, #edges=134) where (x,y)-coordinates are ground
truth node features (left). 50% sparsified hypergraph node embeddings via EdgeMask-HGNN (middle) and
via Random sparsification (right). The node embeddings learned by EdgeMask-HGNN are better separable
than those of Random. Furthermore, Full training acc. = Random pruning acc.= 83.33% while EdgeMask-
HGNN acc. = 100%, which suggest principled sparsification can improve HGNN generalization.

pergraph sparsification not merely as a heuristic compression technique but as a supervised subhypergraph
selection problem, where a task-relevant subset of incidences or hyperedges is selected under a fixed budget.
Building on this perspective, we formulate hypergraph sparsification as a supervised discrete mask learning
problem subject to an explicitly specified global sparsity budget.

Our contributions. (I) We propose EdgeMask-HGNN- a budget-constrained, task-aware hypergraph
sparsification method for HGNNs. EdgeMask-HGNN offers two distinct masking strategies: a fine-grained
masking (incidence-level) and a coarse-grained masking (hyperedge-level), both trained end-to-end using
supervision from the downstream task. The masks are constructed via weighted sampling without replace-
ment, where sampling weights are either parameterized by learnable retention logits at the incidence/edge-
level or learned by a feature-conditioned parameterized function. Unlike unsupervised methods (e.g., ran-
dom, degree-based, and spectral sparsification) that rely on fixed hypergraph structures sampled a priori,
EdgeMask-HGNN dynamically selects a subset of hyperedges during training that helps the downstream
HGNN perform better on the learning task. Figure [I] shows that under the same sparsification budget,
embeddings learned by EdgeMask-HGNN yield better class separation than the random sparsifier.

(IT) We theoretically analyze the stability of the learned sparsifier. To be precise, we show that as the
retention logits evolve across epochs, the expected number of changes in the sampled masks is bounded by
the magnitude of logit updates. This result characterizes the stability of the sampling process.

(IIT) Empirical evaluation and analysis show that EdgeMask-HGNN is more effective than alternative spar-
sifiers such as random, degree-based, and spectral sparsifiers, as well as full hypergraph training on het-
erophilic hypergraphs. On more homophilic datasets, its performance is often comparable to strong base-
lines. EdgeMask-HGNN also yields superior performance on link prediction task. Finally, EdgeMask-HGNN
is simple by design and easily adaptable to different HGNN backbones.

Positioning. Our method should be understood as a supervised sparsification approach that selects a
task-relevant subhypergraph under an explicit budget constraint, rather than a general hypergraph struc-
ture learning framework. This distinction is important because our goal is not to reconstruct or augment
the hypergraph, but to identify the most relevant subset of relations for the given learning task. This is
particularly important in settings where (i) the observed hypergraph encodes real, interpretable relations
(e.g., co-authorship, biological interactions), (ii) adding or hallucinating hyperedges may introduce spurious
semantics, and (iii) computational constraints require controlling the number of incidences or edges explicitly.

2 Related Works

Hypergraph Neural Networks (HGNNSs). There are broadly two families of HGNNs: spectral and
spatial (Antelmi et al.l |2023). The spectral HGNNs construct the hypergraph Laplacian matrix encoding the
higher-order relationships, perform filtering operations in the spectral domain using eigenvalues and eigen-
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vectors, and finally transform node features into node embeddings using these spectral filters. The spatial
HGNNs typically define two-stage message-passing and aggregation: node — hyperedge and hyperedge —
node. Despite the apparent difference, the operations performed by certain spectral HGNNs can be inter-
preted as forms of message passing (Hayhoe et al.} [2024). [Feng et al.| (2019) proposed HGNN by generalizing
spectral graph convolutions to hypergraphs through the hypergraph Laplacian. Subsequently, several variants
have been proposed, such as HyperGCN (Yadati et al.|2019), and HNHN (Dong et al., [2020). HyperGCN re-
formulates hypergraph convolution using clique expansion, and HNHN introduces attention mechanisms for
hyperedge importance. spatial HGNNs typically define two-stage message aggregation: node to hyperedge
and hyperedge to node. HyperSAGE (Arya et al., [2020), HGNN+ (Gao et al., [2022)), and UniGCN (Huang
& Yang), [2021) belong to this category. Recently, (Chien et al.| (2021]) showed that propagation rules of many
existing spatial HGNNs can be represented as a composition of two multiset functions, and proposed two
different multiset encoding functions: DeepSets and SetTransformer. In addition, several recent frameworks,
such as [Wang et al.| (2025); |Saxena et al. (2024), focus on general and expressive message-passing designs
for hypergraphs. Our work focuses on learning by identifying and preserving only task-relevant hyperedges,
making it a practical augmentation for such general-purpose designs.

Existing Hypergraph sparsification methods. Graph sparsification has a long legacy, starting
with [Benczur & Karger| (1996]) for preserving cuts via edge sampling. Subsequently, significant progress
was made by |Spielman & Teng| (2011)) and Spielman & Srivastava, (2008), who introduced spectral sparsi-
fication via effective resistance. These methods ensure that a small subset of edges preserves global graph
properties. Among earlier works on hypergraph sparsification, Deveci et al| (2013)) proposed hyperedge
sampling heuristics to reduce hyperedges while preserving cut structure for hypergraph partitioning tasks.
Going beyond heuristics, [Soma & Yoshida, (2019)) extended spectral sparsification to hypergraphs, defining
a nonlinear Laplacian quadratic form and constructing e-spectral sparsifiers of size O(n3/€?) in polynomial
time. Recently, [Kapralov et al.| (2022)) proved a significant result showing that it is possible to obtain an
e-spectral sparsifier of linear size. These methods are unsupervised, as they do not incorporate node labels
into their sparsification decisions. As a result, they may not be suitable for representation learning tasks
that require preserving only task-relevant hyperedges.

Among task-aware methods, HSL (Cai et al., 2022|) proposes to reconstruct and enhance the input hyper-
graph by jointly pruning and adding node-hyperedge connections under no global sparsity constraint. In
contrast, EdgeMask-HGNN focuses on selecting a task-relevant subhypergraph from a given hypergraph un-
der an explicit global sparsity budget. Our method does not augment connectivity, as in many practical
settings, such as recommendation systems or scientific data analysis, modifying or hallucinating higher-order
relations can be undesirable or difficult to operationalize. Consequently, EdgeMask-HGNN is designed to be
complementary to HSL, prioritizing controllable sparsity and scalability over structural reconstruction.

Graph structure learning and sparsification. Several works study sparsification of neural network
parameters, such as the unified lottery ticket hypothesis for GNNs (Chen et al, 2021} Hui et al., 2023} [Liao
et all 2025) and graph gradual pruning (Liu et al. 2023a). These methods jointly prune GNN weights
and graph edges to reduce parameter count and training cost, with the primary goal of model compression.
Our work is complementary: we keep the HGNN parameters dense while learn a structural sparsifier that
selectively retains a subset of node-hyperedge incidences. There have also been several notable recent works
regarding degree-based spectral sparsfication (Liu et al.l |2023b) and supervised graph sparsification (Zheng
et al., 2020; Ye & Ji [2021; [Zhang et al., 2025)). Unlike graph pruning methods that operate on pairwise
edges, our method is ‘higher-order’ in the sense that it operates on hypergraph incidences.

While supervised sparsification and edge masking have been explored in GNNs [Ye & Ji| (2021)), extending
these ideas to hypergraphs is nontrivial due to the higher-order incidence structure. In particular, hyperedges
induce node-to-edge bipartite incidence relations rather than node-to-node pairwise relations, giving rise to
distinct sparsification granularities at the incidence and hyperedge levels. Our method explicitly models
these two levels of sparsification, which have no direct analogue in standard graph settings.
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3 Problem Statement

Let H = (V,E,X) = (H, X) be a hypergraph, where V is the set of nodes, E is the set of hyperedges,
H < {0, 1}VIXIEl is the incidence matrix of H, and X € R™ ¥ is the node feature matrix. A hyperedge
e € I is a subset of V, ie.,, H,, = 1 if v € e, or 0 otherwise. Let } denote the output space, S denote
the set of supervised elements (e.g., nodes, hyperedges), and S;, C S denote the labeled subset with labels
yr. The goal of a supervised learning task on #H is to learn a model fy : & — ) that predicts labels for
elements s € S by minimizing an empirical task loss: 8* = argming L5 (fo(s; H, X)), yr). This formulation
is task-agnostic and applies to node classification, hyperedge classification, and link prediction tasks.

Budget-constrained task-aware sparsification. Let t = _ple| denote the total #incidence pairs before
sparsification. As a hyperedge contains more than 2 nodes, the budget constraint can be applied in two forms:
k, the #incidence pairs retained after sparsification, and x, the #hyperedges retained after sparsification.

Given a budget k (or ), the goal is to construct a subhypergraph H = (H, X) C H satisfying the desired
budget such that the downstream task loss is minimized. This can be formulated as the following optimization
problem:

0" = argerninﬁtask(fe(s; ﬁ7X)7yL)7

where H is the masked incidence matrix obtained from a learnable sparsifier. The downstream task loss can
be any differentiable loss depending on the supervised task. For example, for classification tasks:

1
Eas = Ta f saAsv
task ‘SL|Z (Ys: Us)

sEST,

where 9, = fg(s; H, X) denotes the prediction for the supervised element s € Sy.

4 EdgeMask-HGNN: Learnable Hypergraph Sparsification

In this section, we introduce EdgeMask-HGNN; a task-aware, learnable sparsification framework for hyper-
graph neural networks. The main idea is to devise a differentiable module that can learn to selectively
mask hyperedges based on their relevance to the downstream learning task. Unlike prior hypergraph prun-
ing methods that rely on fixed heuristics, EdgeMask-HGNN is trained end-to-end, allowing the model to
jointly optimize the hypergraph structure and the HGNN parameters under a strict global sparsity budget
constraint.

Sparsification can be applied at two structural levels of a hypergraph: (i) individual node-hyperedge inci-
dences and (ii) entire hyperedges. Thus, two distinct masking schemes emerge: Incidence-level masking and
Edge-Level masking. Incidence-level masking learns an incidence-level mask by sampling incidences based
on incidence-level weights, whereas Edge-Level masking learns an edge-level mask by sampling edges based
on edge-level weights. These weights are either parameterized by independent learnable logits or learned by
a shared parameterized function. Finally, based on the task loss of the downstream HGNN, the gradients
are backpropagated to compute the updated masks as well as the HGNN parameters. Figure [2] illustrates a
schematic of EdgeMask-HGNN parameterized by independent learnable logits with a small example.

4.1 Fine-grained Masking (EHGNN-F)

Fine-grained incidence-level masking focuses on learning a soft importance weight for individual node—edge
connections so as to achieve a fine-grained control over the sparsified hypergraph structure. For each incidence
pair (v,e), we maintain a learnable logit s, ., which is converted to a non-negative weight via sigmoid
transformation

Wy,e = 0(Sv.e) (1)

where o is the sigmoid function.
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Figure 2: Schematic of EHGNN-F (top) and EHGNN-C (bottom) with a small example.

Let w := (wy,.) denote the vector of weights over all incidence pairs. To construct a sparsified hypergraph
with exactly k active incidences, we sample k distinct incidence pairs without replacement according to these
weights. This sampling procedure is equivalent to drawing the first k£ elements of a permutation generated by
a Plackett-Luce (PL) distribution(Luce et al., [1959)) parameterized by w. Specifically, if (i1,...,7;) denote
the sampled ordered indices corresponding to incidence pairs, their probability under the PL model is

k

W

P(¢17~--,ik):H & )
=1 Zj%{il,...,itfl} Wy

The resulting hard incidence mask 1 is defined as

. 1 if (v,e) is selected, .
Mye = { ( ) va,e =k.

0 otherwise,
v,e

Thus, the sparsifier samples exactly k active incidences according to a weighted sampling-without-replacement
scheme, which can be viewed as the top-k marginal of a Plackett—Luce ranking distribution. Let M €

{0,1}™*™ denote the binary incidence mask whose entries are 1, .. The sparsified hypergraph is obtained
using the hard mask M in the forward pass:

H=HoM, (2)

while gradients are propagated through the surrogate mask m defined by the straight-through estimator
(Equation (3)).

Differentiability. The sampling step used to construct the incidence mask is discrete and therefore non-
differentiable. To enable gradient-based optimization, we employ a masked straight-through estimator
(STE) (Bengio et al.,|2013). In the forward pass, a hard binary mask 7, . € {0,1} is produced by sampling
k incidences according to the weights w, . = 0(sy,c). In the backward pass, we define

Mye = Mye+ (wv’e — stopigrad(wme))fnvﬁe, (3)

so that Om,, /0w, . = 11, .. Consequently, gradients are propagated only through k& incidences selected by
the hard mask, while unselected incidences receive zero gradient during that iteration. By the chain rule,
the gradient with respect to the logit satisfies

oL oL

= ——— Hy ey eWy el —wye).
881,’@ aHv,e , s s s

This estimator provides a practical surrogate for backpropagation through the discrete masking operation:
the forward computation remains exactly sparse, while the backward pass uses the continuous weights w,, . to
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propagate gradients to the scorer parameters. Although the estimator is biased relative to the true gradient
of the discrete sampling process, it has been widely adopted in discrete neural architectures (Zheng et al.)
2020) and works well empirically.

Variant of EHGNN-F conditioned on node features. EHGNN-F is feature-agnostic, each incidence
pair (v, e) is assigned an independent learnable parameter s, .. While flexible, this parameterization does
not share information across incidence pairs and may generalize poorly when supervision is limited. To
address this issue, feature-conditioned EHGNN-F variant EHGNN-F (cond.) uses a shared parameter
scorer module that learns s, . as functions of node features:

Su.c = MLP(X, || X.), (4)

where X, is the feature vector of node v and the aggregated embedding of hyperedge e is X, = \%I Y vee Xo-
The shared MLP parameters allow limited labeled nodes to shape sparsification decisions across the whole
hypergraph, alleviating the lack of supervision issue.

4.2 Coarse-grained Masking (EHGNN-C)

Although Incidence-level masking allows fine-grained control, it may result in a large parameter size since
the network keeps one parameter per incidence pair. Coarse-grained Edge-Level masking alleviates this by
maintaining one logit parameter per edge. For instance, if the input hypergraph is k-uniform (every edge
contains k nodes), edge-level masking reduces the model parameters by k.

The learnable edge score parameter is converted to non-negative edge weights via sigmoid transformation:
We = U(Se) (5)

To construct a sparsified hypergraph with exactly x edges, we sample k edges without replacement according
to weights w, via PL sampling procedure. The sampled hard edge mask is defined as

. 1 if e is selected, .
Me = Me = K.
¢ {0 otherwise, ze: ¢

To backpropagate through this discrete edge selection, similar to EHGNN-F, we use a masked STE: m, =
Me + (we — stop__grad(w,))m.. This allows gradients to propagate only through the selected edges at that
epoch. The sparsified incidence matrix becomes:

H=Ho 1,m”, (6)
where 1,, € R" is a vector of ones, m? € R1*™ is the binary mask.

Variant of EHGNN-C conditioned on node features. EHGNN-C is feature-agnostic, each edge has
a free learnable parameter s., which do not depend on its constituent node features. This feature-agnostic
formulation may limit supervision propagation in semi-supervised settings. To address this issue, feature-
conditioned EHGNN-C (EHGNN-C (cond.)) learns a shared scorer as a parameter of node features using
a permutation-invariant operator, such as mean pooling:

1 N
X, = Tl > Xy, se=MLP(X.) (7)

vee
4.3 Issues with Feature Conditioned Variants and Low-Rank Reparameterization

The MLP-based scorer defined in Equations and is memory-intensive on large-scale hypergraphs.
For instance, EHGNN-F (cond) defines incidence scores by evaluating w, . = o (MLP@(XUHXe)), where

X, € R is the feature of node v, X, is hyperedge representation pooled from {X, : v € e}. When the
number of incidences t is large, evaluating MLPy across all incidences induces high activation memory. With a
two-layer MLP scorer with hidden width h, EHGNN-F(cond) requires ~ ©(tF +th) activation storage, since
both the concatenated incidence input [X, || X.] € R2F and the hidden layer activations must be retained for
backpropagation. To address this, we adopt a lightweight low-rank parameterization of EdgeMask-HGNN.
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Low-Rank feature-conditioned incidence scoring: EHGNN-F(cond,LR). To obtain a scalable
scorer while preserving the conditioning on node features, we replace MLPy with a rank-r bilinear parame-
terization:

S=UZ",

where U and Z are the latent node factors and edge factors, respectively. The node factor for node v and
the edge factor for edge e are constructed as

u, =W, X,eR", 2z cR", (8)

where W, € RF*" is a learnable projection matrix and » << F. Finally, the incidence score and weights
are computed as
Sv,e = <uv7 ze>a Wy,e = J(Sv,e)~ (9)

This parameterization constrains the unnormalized score matrix S to satisfy rank(S) < r. Unlike EHGNN-
F(cond), we do not compute pooled hyperedge features, thereby avoiding the ©(tF') cost of aggregating node
features for each incidence.

In terms of expressivity, Equation[J] can be treated as a restricted low-rank parameterization of the incidence
scoring function MLPy(.) used in EHGNN-F(cond), which trades expressive power for improved computa-
tional and memory efficiency. The score computation still depends on node features «,, each hyperedge
retains a learnable embedding z., and the masking and straight-through estimator remain unchanged. In
terms of activation memory, EHGNN-F(cond,LR) stores O(|V|r + tr) activations, corresponding to storing
projected node features (u,) and edge factors (z.). Hence, the scorer activation-memory is reduced by

roughly Ig/ﬁj-i?r ~ F/r when t >> |V] and F >> h.

Low-rank feature-conditioned edge scoring: EHGNN-C(cond,LR). Similar to EHGNN-
F(cond,LR), we compute the latent hyperedge factor z, and node factors u, as in Equation The projected
node embeddings are then aggregated via mean-pooling to construct hyperedge embedding;:

ue = ¢p({u, |v € e}) eR". (10)

Finally, instead of using MLP, we use a rank-r bilinear form as a scorer:

Se = (Ue, Ze), We = 0(Se)- (11)

This produces hyperedge-level weights similar to original EHGNN-C (cond) but avoids the cost of evaluating
an MLP on each hyperedge.

4.4 Training and Inference.

The sparsified incidence H is passed into any HGNN architecture (e.g., HyperGCN, UniGNN, etc.) and
trained end-to-end with a task loss Lyaec. This yields a sparse hypergraph H adapted to the node classifi-
cation task. During inference, instead of stochastic sampling, we use deterministic top-k (or top-«) selection
from w for stability and reproducibility.

5 Theoretical Guarantees

Since the logits evolve gradually across epochs, we study how small changes in the logit vector affect the
stochastic masks produced by PL sampling. The following theoretical results show that the expected number
of mask flips is controlled by the magnitude of logit updates. The proofs are in the Appendix.

Theorem 5.1 (Epoch-to-epoch stability of fine-grained masks). Lett =} .5 |e| be the number of incidence
pairs and k € {1,...,t} be a fized incidence pair budget. Let s s(Tt1) e Rt denote the logit vectors at two
consecutive epochs of EHGNN-F, and incidence weights

w =o(s), wY .= g(s+Y),
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Let S and STV denote the k-subsets obtained by sampling from the Plackett-Luce distributions PL(w(T))
and PL(w(™Y)) respectively.

We assume that there exists a > 0 such that for all epoch T and all i € [t], w™) (i) > . Then the expected
number of incidence mask flips between the two consecutive epochs satisfies

k t
E[|s<f+1>As<T)@ < o In—— [0 — 5]
o

Theorem 5.2 (Epoch-to-epoch stability of coarse-grained masks). Let m = |E| be the number of hyperedges
and k € {1,...,m} be a fixzed edge budget. At iteration T, let the edge logits s((;) € R™ and edge weights

w(e) =0 (s (e)) € (0,1), € [m].
EHGNN-C samples a permutation T'(7) ~ PL(ng)) and selects the first k edges
T = {17, . T} C [m).

We assume that there exists a. > 0 such that wéT)(e) > a¢ for all T,e. Then the expected number of edge
mask flips between consecutive epochs satisfies

E |T<r+1>AT<T>|} < B sty 0.
200 M —~kK

Discussion. (i) The above results imply that if the logit vector changes slowly across epochs (as is typ-
ical near convergence), the expected number of mask changes also becomes small. Thus, the stochas-
tic sparsification procedure stabilizes during training. (ii) The assumption of PL weights being lower-
bounded is mild in our setting, since the mask logits are produced by a learnable scoring function applied
to node and hyperedge representations. When input features are bounded, and model parameters remain
bounded during training, the resulting logits are also bounded. In particular, if s(7) (i) > —B for all , then
w (i) = (s (i)) > o(~B). (iii) Our results characterize the stability of the stochastic mask sampling
process under bounded logit changes. Although this does not provide guarantees on optimization conver-
gence, recovery of an optimal subhypergraph, or generalization performance, it does justify the empirical
observation that the learned sparsifier stabilizes over training (see Appendix .

6 Experiments

We evaluate EdgeMask-HGNN on semi-supervised node classification task in the transductive setting as well
as on the link prediction task. On the node classification task, we randomly split the nodes into training/vali-
dation/test samples using 50%/25%/25% splitting percentages (Chien et al.l |2021)). Unless stated otherwise,
we have used HGNN (Feng et al., 2019) as a backbone in our implementation. We follow |Chien et al.[ (2021)
to set the hyperparameters of various base HGNN models. We average the results of 10 experiments using
multiple random splits and initializations. All experiments are run on a system with 512 GB RAM and a
single NVIDIA Tesla V100 GPU with 32 GB memory. All algorithms run for 1000 epochs except Trivago
(2000 epochs) with a retention rate of k = 50% (x = 50%).

Table 1: Dataset statistics (Blue text = heterophillic dataset as per the criteria of Edge homophily < 0.5).

Cora  Citeseer Pubmed Cora-CA DBLP-CA  20News Mushroom NTU2012 ModelNet40 Yelp House ~ Walmart — Actor — Twitch Pokec  Trivago
4l 2708 3312 19717 2708 41302 16242 8124 2012 12311 50758 1290 88860 16255 16812 14998 172738
|E| 1579 1079 7963 1072 22363 100 298 2012 12311 679302 341 69906 10164 2627 2406 233202
# feature 1433 3703 500 1433 1425 100 22 100 100 1862 100 100 50 7 65 300
# class 7 6 3 7 6 4 2 67 40 9 2 11 3 2 2 160
t 4786 3453 34629 4585 99561 65451 40620 10060 61555 4523594 11843 460630 53372 16356 5502 726861
Avg edge size (€avg) 3.03 3.20 4.35 4.28 4.45 654.51 136.31 5.00 5.00 6.66 34.73 6.59 5.25 6.23 2.29 3.12
Density (€avg/|V]) 0.00112  0.00097  0.00022  0.00158 0.00011 0.04030 0.01678 0.00249 0.00041 0.00013  0.02692  0.00007  0.00032 0.00037 0.00015 0.00002
Edge homophily (H.) 0.75 0.68 0.78 0.78 0.87 0.61 0.94 0.79 0.87 0.29 0.49 0.60 0.46 0.49 0.45 0.98
Node homophily (H,,) 0.76 0.68 0.76 0.76 0.86 0.53 0.91 0.77 0.85 0.24 0.51 0.50 0.48 0.50 0.45 0.98
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Datasets. The hypergraph datasets and their statistics are presented in Table It includes recently
proposed heterophilic benchmarks: Actor, Twitch, and Pokec from |Li et al.| (2025]). The rest of the datasets
are well-known in the hypergraph learning literature, originating from works such as [Yadati et al.| (2019);
Chien et al.| (2021]) where they are discussed in detail.

Baselines. The baseline algorithms include i) Full: the HGNN model is trained on the entire hypergraph
without any sparsification, ii) Fdgedeg: k edges are sampled proportional to edge degree deg(e) = |e]. iii)
Random: drops a incidence pair (u,e) if an i.i.d uniform random variable r ~ 1[0, 1] satisfies r < k/|E|,
and finally, iv) Spectral: We sample top-x hyperedges based on their effective resistance. We compute
effective resistance as R(e) := > .. (L‘L)w7 where LT indicates the Moore-Penrose pseudoinverse of the
hypergraph Laplacian (Zhou et al., [2006), and (v) Hypergraph Structure Learning, HSL (Cai et al.l 2022]),
which learns a modified hypergraph via both edge reweighting and augmentation. For fair comparison under
a sparsification setting, we disable the augmentation component and retain only the learned edge reweighting
mechanism, so that all methods operate on the same underlying hypergraph without introducing new edges.

Discussion on computational complexity, effectiveness on heterophilic hypergraphs, experiments with other
HGNN backbones, scalability, model parameters, link prediction, ablation studies, and empirical evaluation
of mask stability can be found in the Appendix. Our source codes: https://anonymous.4open.science/
r/ehgnn-4E4D/.

6.1 Experimental evaluation

I. Effectiveness on node classification task. Table 2] highlights the effectiveness of EdgeMask-HGNN.

Supervised vs Unsupervised sparsifiers: On most datasets, EHGNN variants consistently outperform unsuper-
vised sparsification baselines. This highlights the importance of task-aware learning of sparsification masks,
which can retain task-relevant incidences or hyperedges while discarding noisy ones. On large-scale datasets,
spectral methods face memory issues due to the computation of the large matrix pseudoinverse. HSL tends
to perform well on datasets with relatively clean and homophilic structure. On heterophilic hypergraphs, its
reliance on global reconstruction retains task-irrelevant relations, leading to suboptimal performance.

Full training vs Sparsification: EdgeMask-HGNNs outperform full training on several benchmarks, such as
ModelNet40, Actor, Citeseer, House, Pokec, and Walmart. This shows that pruning irrelevant pairs enhances

Table 2: Accuracy (+ std) across different datasets for each algorithm at sparsity = 50%. OOM=Out-of-
Memory. Bold and Underline text indicates the best and 2nd best result per dataset respectively. Avg.
Rank denotes the average ranking across all datasets, where a smaller rank indicates better performance.

Algorithms 20news ModelNet40 Mushroom NTU2012 Actor Citeseer Cora-CA DBLP-CA
Full 81.04 + 0.05 94.72 £ 0.05 98.73 £+ 0.37 88.03 + 0.26 64.54 + 0.03 68.19 + 0.39 81.48 + 0.36 90.77 £+ 0.07
Random 76.85 + 0.30 95.91 + 0.33 97.60 £ 0.58 86.92 + 0.36 77.85 + 0.26 67.32 £ 1.27 75.92 + 0.53 86.26 £+ 0.32
Edgedeg 80.14 £ 0.22 95.18 £ 0.23 98.02 £ 0.40 86.32 £ 0.78 76.59 £ 0.18 67.27 £0.31 80.09 = 0.70  88.76 £ 0.27
Spectral 80.19 + 0.07 94.80 £ 0.07 98.06 = 0.13 85.88 £ 0.31 75.22 £ 0.03 67.05 £ 0.59 79.03 £ 0.21 OOM
HSL 81.68 + 0.09 79.93 £ 2.99 99.75 + 0.00  80.58 + 0.41 63.85 £ 0.76 63.37 £+ 1.06 74.84 +£2.10 90.31 + 0.39
EHGNN-F 77.18 £ 0.10 96.32 + 0.12 97.24 £0.21 87.48 £0.47 78.01 £0.11  66.76 £ 0.45 77.49 £ 0.49 87.01 £ 0.14
EHGNN-C 79.08 £ 0.22 95.73 £ 0.06 93.59 £ 0.50 87.20 £ 0.48 76.72 £ 0.10 68.60 + 0.59  77.02 £ 0.32 85.28 £ 0.07

EHGNN-F (cond) 80.16 £ 0.19 95.76 £+ 0.10 98.28 + 0.30 88.11 + 0.09 7718 £0.33 67.71 £ 0.52 76.48 + 0.46 86.45 £+ 0.10
EHGNN-C (cond) 78.11 £ 0.98 95.01 £ 0.08 97.97 £ 0.33 87.12 £ 0.60 77.01 £0.33 68.50 £ 0.61 76.16 = 0.56 86.29 £ 0.05
EHGNN-F (cond,LR)  76.94 &+ 0.39 95.79 £ 0.12 98.23 £ 0.39 86.00 £ 0.78 77.98 £ 0.22 67.68 £+ 0.41 77.02 £ 0.58 87.43 £ 0.13
EHGNN-C (cond,LR)  79.51 & 0.55 95.47 £+ 0.17 96.57 £ 0.30  88.11 + 0.36  76.73 & 0.42 67.97 + 0.44 77.73 £ 0.63 86.73 £+ 0.55

Cora House Pokec PubMed Twitch Walmart Yelp Trivago Avg. Rank

Full 78.23 £ 0.31 73.87 £ 0.28 58.36 £ 0.04 86.50 £ 0.05 51.22 £ 0.05 95.36 £ 0.01 33.60 £ 0.48 61.39 £+ 1.15
Random 73.65 £ 1.31 84.52 £ 0.79 59.00 £ 0.26 86.72 + 0.24 50.92 £ 0.46 96.97 +£ 0.16  32.77 £ 0.28 47.14 £+ 1.52 5.31
Edgedeg 74.62 £ 1.42 80.31 £ 1.13 58.71 £ 0.14 86.72 £ 0.09 50.86 £ 0.38 95.40 £ 0.05 32.36 £ 0.57 53.59 £ 0.72 5.19
Spectral 75.92 £ 0.36 75.29 + 0.14 58.47 £ 0.03 86.47 £ 0.01 51.39 £ 0.05 OOM OOM OOM 5.92
HSL 70.56 + 0.37 54.28 + 1.89 57.81 £ 0.71 77.51 £ 0.80 51.15 £ 0.99 62.57 + 0.16 OOM 68.17 + 2.16 7.13
EHGNN-F 75.72 £ 0.22 86.13 £+ 0.51 58.53 £ 0.03 86.75 £ 0.06 50.84 £ 0.04 96.90 £ 0.02  33.36 £ 0.26  45.56 £ 1.56 4.38
EHGNN-C 75.60 £ 0.28 75.85 £ 0.31 59.15 + 0.05 86.56 & 0.07 51.44 + 0.08  95.89 + 0.08 31.98 £ 0.32 37.78 + 1.42 5.31
EHGNN-F (cond) 74.71 £ 0.44  100.00 £+ 0.00  59.14 + 0.08 86.10 £ 0.07 50.58 £ 0.08 96.39 + 1.41 OOM 40.08 £+ 0.29 4.73
EHGNN-C (cond) 75.07 £ 0.48 73.37 £ 0.62 58.90 £ 0.31 86.43 £ 0.13 50.32 £ 0.23 95.20 £ 0.35 OOM 46.03 £ 2.26 6.53
EHGNN-F (cond,LR) 74.33 £ 0.65 91.83 + 4.99 58.77 £0.18  86.97 £ 0.04 50.72 £ 0.10 96.65 £+ 0.22 32.78 £ 0.37 51.45 + 1.14 4.56
EHGNN-C (cond,LR) 76.13 + 0.60 79.88 + 0.31 58.93 £ 0.06 86.52 £ 0.05 51.26 £ 0.20 95.47 + 0.53 33.03 £ 0.21 40.28 £+ 0.89 4.56
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Gap vs Hyperedge-level corruption Gap vs Incidence-level corruption

Table 3: Correlation between accuracy
gap Acc.(EdgeMask-HGNN) - Acc.(Full)
and homophily ratio computed across all
datasets.

—e— q_inc=0.00
q_inc=0.10

1 —e— p_edge=0.15
0.0+ p_edge=0.30

Acc. Gap (Coarse — Fine)
Acc. Gap (Coarse — Fine)
-
o

EHGNN-C EHGNN-F - q_inc=0.20 - p_edge=0.45
Metric -1 —+— q_inc=0.30 =057 —+— p_edge=0.60
Pearson Spearman Pearson Spearman 00 o1 o2 o5 o7 o5 os oo o o . o7
He -0.465 -0.511 -0.429 -0.437 p_edge a-ne
H, -0.477 -0.540 -0.427 -0.455

Figure 3: Classification performance on corrupted Cora.

generalization by improving the signal-to-noise ratio during message passing. On datasets such as 20news,
Cora, Cora-CA, DBLP-CA, Mushroom, and Trivago Full training performs better.

On heterophilic dataset: We have also analyzed the performance gain of our method relative to full training
by examining the homophily ratios across various hypergraph datasets. Table [3] suggests that the proposed
models generally perform better than Full training, particularly in low homophily (high heterophily) regimes
than in high homophily regimes. For instance, the Spearman correlation coefficient between the accuracy
improvement of EHGNN-C over Full training vs edge homophily is —0.51, and that for EHGNN-F is —0.44.
Figure m (Appendix) illustrates the relation between homophily ratio and accuracy gain EdgeMask-HGNN
offers over full training.

Coarse-grained vs Fine-grained Sparsification: Although on the real-world datasets, generally we found fine-
grained sparsification to perform better than coarse-grained sparsification, it is important to analyze under
what conditions coarse-grained sparsification is more preferable than fine-grained or vice versa. To that end,
we corrupted the hyperedges in Cora in two distinct yet controlled ways. Each hyperedge is assigned a target
adversarial class based on the majority labels in that edge, and corrupted incidences are replaced by nodes
drawn from this class. (i) Coarse/hyperedge-level corruption: For each edge, with probability pedge, all its
nodes are replaced by nodes from its adversarial class. (ii) fine/incidence-level corruption: For each edge,
with probability 1 — pedge, ginc Proportion of its nodes are replaced by nodes from its adversarial class.

Figure [3| reveals a clear dependence of model performance on the granularity of corruption. (i) When gy
is small (< 0.3), increasing pedge leads to a monotonic increase in the performance gap in favor of coarse-
grained sparsification, as entire hyperedges become uninformative and are best removed in their entirety. (ii)

Table 4: Performance comparison between Hyper-SAGNN (Baseline) and various sparsification variants at
sparsity=50%.

‘WordNet Drug MovieLens
Model (user, relation, tail) (user, drug, reaction) (user, movie, tag)
#V = (40504, 18, 40551) #V = (12, 1076, 6398) #V = (2113, 5908, 9079)

Acc AUC AUPR Acc AUC AUPR Acc AUC AUPR

Hyper-SAGNN 88.35 87.92 68.62 93.93 95.72  89.00 90.62 90.93 75.39
Random 93.24 95.68 87.05 96.49 98.64 95.72 95.11 97.43 92.12
EdgeDeg 93.47  96.05 87.96 96.57 98.62 95.69 95.06 97.24 91.84
Spectral 91.29 92.02 79.75 96.80 98.72 9597 94.08 96.16 88.85
EHGNN-F 96.30 97.02 92.59 96.72 97.57 94.73  96.47 97.20 93.42
EHGNN-C 93.21 95.80 87.03 96.58 98.66 95.74 95.11 97.24 91.84

EHGNN-F(cond) 94.81 96.84 90.92 97.16 99.01 96.66 96.62 98.59 95.54
EHGNN-C(cond) 93.76  96.49 88.81 96.70 98.81 96.14 95.59 97.81 93.16
(
(

EHGNN-F(cond,LR) 98.78 99.64 99.05 98.33 99.70 98.77 98.32 99.66 98.46
EHGNN-C(cond,LR) 91.84 93.34 82.07 95.87 97.74  93.89 93.89 95.61 88.39
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Conversely, when peqge is small, increasing gin. causes the gap to decrease and eventually become negative or
close to 0. This suggests that fine-grained masking, which selectively removes corrupted incidences, is more
beneficial when incidence-level corruption is more predominant and edge-level corruption is small. However,
when peqge is large, many hyperedges are already fully corrupted, and coarse masking remains advantageous
regardless of ginc.

II. Effectiveness on link prediction task. We also evaluate the applicability of EdgeMask-HGNN to
link prediction by adapting it to Hyper-SAGNN (Zhang et all [2020), a self-attention based architecture
for hyperedge prediction. In the inductive setting, the model is trained on &4 C € and evaluated on
unseen hyperedges from &, and &.s. Training examples consist of positive edges e € Erein and negative
examples generated by corrupting one position of a positive hyperedge with another node of the same type.

Hyper-SAGNN computes node embeddings rY = Embedding(v) and applies self-attention within each
hyperedge to yield an edge representation z., which is later used for link prediction. However, Hyper-
SAGNN processes each hyperedge independently without exploiting global hypergraph structure. In order
to enable global hypergraph-structure aware link prediction, we introduce a learnable sparsification module
EdgeMask-HGNN4 () with parameters ®, which learns a binary selection variable m. that determines whether
an incident hyperedge contributes to the contextualized node representations. During training, we use a
straight-through estimator to enable gradient-based optimization of this discrete selection. We construct
contextualized node embeddings as follows:

h(Y =n" Z mege,

ewwee

where g. = ﬁ Y uce th(?) is an edge message and W is a learnable parameter. The updated embeddings

hg,l) are then fed into Hyper-SAGNN so that the predictions for a candidate hyperedge can incorporate
information from other hyperedges sharing nodes. The contextualized representations enabled by sparsifiers
help control the impact of noise on message passing. A detailed discussion is presented in Appendix [E]

Experiments using variants of EdgeMask-HGNN, as presented in Table [d] show large improvements in accu-
racy, AUC, and AUPR at 50% sparsification. This indicates that the learned sparsifier effectively removes
noisy hyperedges and improves representation quality. Compared to unsupervised sparsifiers, fine-grained
sparsifier variants, in particular, EHGNN-F(cond,LR) yield superior performance. Overall, these results
demonstrate that EdgeMask-HGNN can extend Hyper-SAGNN by introducing task-aware hypergraph spar-
sification, thus enabling structurally informed inductive link prediction.

II1. Accuracy/Runtime vs sparsity trade-off. We analyze the trade-off between accuracy and sparsity
in Figure @ and the impact of sparsity on end-to-end runtime (Training 4+ Evaluation) in Figure On
the x-axis, we plot % incidences retained, which is 100%-sparsity. As more incidences are retained, accuracy
increases at the cost of higher runtime. Conversely, the more we sparsify, the lower the accuracy and runtime.

This phenomenon mirrors that observed in graph sparsification (Das et al., [2025).

Z1u
.90 g 10 %2 - Ful
X S 9 e = Random
‘;88 % 82 S = Degdist
8 a
% — o EHGNN-F
£ 86 T 7 22 EHGNN-C
S e 52
K84 <) H
° g2
82 c 4 -~
10 20 30 40 50 60 70 8 90 10 20 30 40 50 60 70 80 90 Yelp Walmart DBLP-CA
% incidences retained % incidences retained Dataset
(a) Accuracy vs. Sparsity (b) End-to-end runtime vs. Sparsity (c) Training time

Figure 4: (a-b) Impact of sparsity on EHGNN-F’s performance (DBLP-CA dataset) (c¢) Training time
comparison of various sparsifiers.
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Figure 5: Impact of %retained incidences on EHGNN-F for homophilic hypergraphs.

IV. Runtime efficiency. Figure[ddcompares the average training time per epoch across several large-scale
datasets. On Yelp, Walmart, and DBLP-CA, the Full HGNN consistently incurs the highest, while both
EHGNN-F and EHGNN-C achieve substantially lower runtimes. This aligns with the fact that incidence-level
sparsification reduces the message-passing workload, which dominates the cost on large hypergraphs.

V. Ablation study: Impact of sparsity on homophilic hypergraphs. In table 2] we observe that
on datasets 20news, Cora-CA, DBLP-CA, Mushroom, and Trivago, Full training outperforms EdgeMask-
HGNN. These hypergraphs have edge homophily ratio 0.53, 0.76, 0.86, 0.91, and 0.98, respectively. Here, we
investigate whether increasing the budget (% incidences retained) improves the performance of EHGNN-F
on these highly homophilic datasets.

Figure |5 shows the result with varying % of incidence retained by EHGNN-F. We observe a near-monotonic
increase in accuracy as more incidences are retained. This suggests that highly homophilic hypergraphs have
a high sensitivity to sparsification. For instance, even at a high retention level (0.9), EHGNN-F does not
fully match the performance of Full training (red dashed lines), especially on datasets such as Trivago, where
the performance gap remains significant. This indicates that, in strongly homophilic regimes, sparsification
may discard weak but collectively important connections that contribute to label propagation.

This is a key limitation of sparsification in homophilic settings. Although moderate pruning yields com-
petitive performance, a large fraction of incidences need to be retained to yield performance equivalent
to full-training. This contrasts with heterophilic scenarios, where sparsification can be more beneficial by
removing noisy or misleading connections.

7 Conclusion, Limitations and Future works

We introduced EdgeMask-HGNN, a task-aware sparsification framework that prunes preserves and often
improves the predictive performance of HGNNs on downstream tasks by pruning task-irrelevant edges. We
proposed two learnable sparsification strategies: fine-grained masking and coarse-grained masking— both
trained end-to-end using feedback from downstream tasks. Furthermore, EdgeMask-HGNN is theoretically
grounded in terms of the mask stability of the learned sparsifiers.

Extensive experiments across diverse and challenging node classification benchmarks suggest EdgeMask-
HGNN is generally effective, while most effective on heterophilic hypergraphs. In particular, the fine-grained
variants not only improve accuracy over full hypergraph training in many cases, but also achieve slightly
smaller training time on large hypergraphs. Finally, EdgeMask-HGNN is adaptable to other downstream
tasks, such as link prediction, offering superior performance over the baselines.

Limitations. A key limitation of EdgeMask-HGNN is that it relies on supervised signals and may not
generalize as effectively in limited-label settings or fully unsupervised settings (e.g., node clustering). The
additional computational overhead introduced by feature-conditioned variants also causes scalability chal-
lenges on large-scale hypergraphs. In the future, we plan to address these limitations.
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Appendix
A Theoretical Analysis

We analyze the stability of the stochastic masks produced by EHGNN-F and EHGNN-C during training. In
particular, we study how changes in the logit parameters affect the sampled incidence sets (for EHGNN-F)
and sampled edges (for EHGNN-C) between consecutive epochs.

A.1 Stability of Fine-grained Stochastic Masks

We analyze the stochastic fine mask used in EHGNN-F during training, where k incidences are sampled
without replacement from ¢ candidate incidences using probabilities proportional to weights w, ¢ := 0 (Sy.e)-

Let t = ) . lel denote the number of incidence pairs and & denotes the number of retained incidence pairs
after sparsification. At iteration 7, let the logits s(”) € Rt and the weights

w (i) = a(s7 @) € (0,1), ielt].

For a fixed k € {1,...,t}, sampling k incidence pairs without replacement with probabilities proportional to
weights is equivalent to:

1. Sampling a permutation TI(") ~ PL(w(") under the Plackett-Luce (PL) distribution (Luce et al.,
1959).

2. Then selecting the first k indices

g™ . {HY)’-“ng)} ClY, ST =k

The selected set S(7) uniquely determines the incidence mask produced by EHGNN-F. We measure stability
of fine-grained stochastic masks via the symmetric difference:

\S(T“)AS(T)L

This equals the number of incidences whose inclusion state changes between epochs.

Assumption A.1 (Uniformly lower-bounded weights). There exists & > 0 such that for all 7 and all ¢ € [¢],

w™ (@) > .

This assumption holds, for instance, if logits are uniformly bounded. In particular, since o(z) > 0, a uniform
lower bound s(™) (i) > —B implies the following uniform weight lower bound

w'™ (i) > o(=B) = a.

First, we formalize how perturbations in the weights w(™) at epoch 7 affect the distribution of the first k
positions of the Plackett—Luce (PL) permutation.

Lemma A.2 (Single-step conditional stability of PL weights). Let R C [t] with |R| = r. Let us define
categorical distributions on R:

_w®
Zje rw(i)’

If w(i),w' (i) > « for all i, then the total variation distance

u(i) =

1
TV(u,v) < —|lw — w'|;.
ra
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Proof. Let

Since w(j) > a, we have

By definition of TV,

i€ER PR QR
Insert and subtract %
R
‘w(z) _w'(4) ‘w(z) ~w(i) N ‘w(z) —w' (i)
Pr Qr Pr Qr Qr
Summing over ¢ € R yields
w(@) w@)|_ |Qr—Prl 1 . '
_ < 4+ — w(i) —w'(7)].
S h o 1S o g e )]

i€ER iI€ER

Since
Qr — Prl = |>_(w'(j) —w(5))| < llw —w[|,
jER
and Qg > ra, we obtain

1
TV (,v) < —[lw — ']
ro
O

Lemma A.3 (Total variation bound for the first k& positions of the Plackett—Luce permutation). Let w,w’ €
R? satisfy w(i),w'(i) > a >0 Vi€ [t]. Let T™) and TI") be permutations sampled from the Plackett-Luce
. . . . . . . (w) (w")
dz;tmbutzons with base weights w and w' respectively. Let us denote the first k positions by I}, TI3,.°.

Then

V() < St

!/
I — w1

Proof. The PL process samples sequentially.

At step r, given previously selected elements I1;.,._1, the next element is drawn from the remaining set R,
of size |R.| =t —r + 1. At step r of the Plackett—Luce process, let us denote

TV, := TV (ug,,vr,),

where up, and vg, are the conditional categorical distributions restricted to R,.
By Lemma [A.2] for any realization of the remaining set R,

1

TV, < ————
"T(t—-r+1a

lw — w'[lx.

We now construct a maximal coupling of the two PL processes, coupling the draws at each step.

Let E, be the event that the two processes differ for the first time at step . Using maximal coupling at each
step of the sequential PL sampling process, the probability that the two permutations first disagree at step

17
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r, conditioned on agreement up to step r — 1, is at most the total variation distance between the conditional
distributions at that step:

P(E, | agreement up to r — 1) < TV,,

Therefore, by a union bound over the first k steps,

k k

/ 1
P 20N <SSV, =S — = Jlw — ||y
( 1:k7'é 1:k)—; ;(t—r+1)a”w le
Since
oo
——— =H,— H;_
; f—r+1 t t—k>
we obtain 0o n
w w’ - —k
]P)(Hgk) 7& H(lk)) < : o t ||’LU - w/Hl'
Here H; := Z:Zl % Since total variation distance equals the minimal disagreement probability under
coupling,
w w’ Ht - Ht—k
TV (I3 ) < == — ||
As H — H,_;, <ln ﬁ, we have
() )y < 1 '
TV(II;.,/, 11 < -1 — .
V( 1:k> l:kr)—ant_k”w le

O

We now state and prove a data processing property of total variation distance, which states that total
variation distance cannot increase under deterministic mappings. We will apply this property of total
variation distance to pass from permutation prefixes to subsets.

Lemma A.4 (Data processing inequality for TV). Let X and Y be random variables with distributions u
and v respectively. Let f be any deterministic measurable function. Then the distributions of f(X) and f(Y)
satisfy

TV(L(f(X)), LF(Y))) < TV(p,v).
Proof. Let py := L(f(X)) and vy := L(f(Y)) denote the distributions of the transformed random variables

f(X) and f(Y) respectively. Recall that the total variation distance between two probability measures p
and v is defined as

TV(p, v) = sup|u(A4) — v(A)]

Let B be any measurable subset of the codomain of f. Then the events {f(X) € B} and {X € f~}(B)} are
identical. Therefore

pr(B) =P(f(X) € B) = u(f71(B)),  vs(B)=P(f(Y) € B)=v(f"(B)).

Hence
s (B) = vs(B)| = lp(f~1(B)) = v(fH(B))]-

Since f~!(B) is a measurable subset of the domain,

lu(f~H(B)) —v(f1(B))| < sup [u(A) = v(A)] =TV (i, v).
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Taking the supremum over all measurable sets B yields
V(g ) = sup s (B) = vy(B)| < TV (s, ).

O

In our setting, the mapping f sends the prefix permutation Il;.; to the selected subset S. Hence, the total
variation distance between the distributions of S is bounded by that of the prefixes:

TV(S(w), S(w')) < TV, (%)),

We now bound the expected number of incidence flips between two consecutive training iterations.

Theorem (Epoch-to-epoch stability of fine-grained masks). Let s(7), s+ € R? denote the logit vectors
at two consecutive epochs, and let

w™ = o(s(), w™H) = (57T,
Let S and STV denote the k-subsets obtained by sampling from the Plackett-Luce distributions PL(w ™))
and PL(w(™*Y) respectively.

Under Assumption [A71], the expected number of incidence mask flips between the two consecutive epochs

satisfies

k t
E[|S(T+1)AS(T)|:| < goln— 8D — g,

Proof. Since |S(M| = |ST+V| = k, we have

|STTIAST] < 2k - 1{STHD £ 5},

Taking expectations gives
E [|5<T+1>AS<T>|} < 2k P(STHY 2 §().

Under maximal coupling,

P(STHY £ 5T = TV(S(w), S(w™)).

By Lemmas [A-4] and [A73]
wTHDY (M) 1 t

TV(S(w™Y), S(™) < TVLL ) <~

+1)

lw ™D — ;.

Q

Thus 1 ’
E [\S(TH)AS(TH} <2k - —ln7||w(7+1) - w(7)||1.
a t—k

Since o’(z) = o(z)(1 — o(x)) < }, the sigmoid map is 1/4-Lipschitz. Hence

1
w0 — w ™y < 4l = ).

Substituting yields

E[|s<7+1m5<f>|} < %mﬁ s+ — sy

O

Thus, the expected number of incidence flips between epochs is controlled by the change in the logit vector.
We now show that an analogous stability guarantee holds for the coarse-grained mask used in EHGNN-C.
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A.2 Stability of Coarse-grained Stochastic Masks

Theorem (Epoch-to-epoch stability of coarse-grained masks). Let m = |E| be the number of hyperedges

(r

and fiz an edge budget k € {1,...,m}. At iteration 7, let edge logits s¢ ) e R™ and edge weights
wi(e) = o(s0(e) € (0,1),  e€ [m].
EHGNN-C samples a permutation T'(7) ~ PL(wéT)) and selects the first k edges

T .= {7, ..., T} C [m].
Assume there exists o, > 0 such that wg)(e) > a for all T,e. Then the expected number of edge-mask flips
between consecutive epochs satisfies
E |T<r+1>AT<T>|} < B sty 0y
200 m—k = °

Proof. The result follows from the same argument as Theorem [5.1] for the fine-grained mask. In EHGNN-C
the stochastic mask is generated by sampling a x-subset of hyperedges from a Plackett—Luce distribution
) (T))

¢ ’).

with weights we”’ = o(s

Applying the total variation bound for the first x positions of the Plackett—Luce permutation (Lemma [A.3)
together with the data processing property (Lemma |A.4]) yields

m T T
D — w).

IP’(T(T“) £ T(T)) <1l
a. m

Since || = |[T+D| = k, we have

ITCHDATT| < 25 {7 £ T},
Taking expectations and using the fact that the sigmoid is 1/4-Lipschitz gives

T T 1 T T
o —w (< ZHSE D — D],

which yields the stated bound. O

B Computational Complexity

We compare the per-layer computational complexity of full HGNNs with our fine-grained (EHGNN-F) and
coarse-grained (EHGNN-C) sparsification variants. Let n,m, t, F, and k denote the #nodes, #hyperedges,
#node-hyperedge incidence pairs in H, feature dimensions, and #node-hyperedge incidence pairs in H
respectively. In addition, Let h denotes hidden layer size of MLP, and x denotes the number of hyperedges
retained after sparsification, meaning, & = m.k/t, wheret = 3" __ . |e|. Tableshows that EHGNN-F reduces
activation and computation overhead via incidence-level sparsification, but incurs a higher parameter cost.
EHGNN-C reduces parameter overhead by scoring hyperedges via a shared MLP over pooled node features,
sacrificing fine-grained control for scalability. Both variants are more scalable than full HGNN.

Full HGNN. Node-to-edge and edge-to-node aggregations per layer is typically done via sparse ma-
trix—dense matrix multiplication (SpMM). In particular, node-to-edge aggregation is done via H* X € R™*F
to construct hyperedge embedding, while edge-to-node aggregation is done via H(HT X) € R™*¥ to con-
struct embedding of the nodes in the next layer. Both aggregations have a time complexity O(tF'). The
space complexity to hold the intermediate results is O(¢F'). This is because there are ¢t non-zero entries in
H, for each we need to conduct F' elementwise multiply-add operations. There is no additional parameter
overhead involved in Full HGNN training.
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Fine-grained EdgeMask-HGNN variants. Time complexity: EHGNN-F incurs computational cost in
two main stages: sparsification and message passing. During sparsification, the model computes sigmoid
scores for all ¢ incidence logits in O(t) time. To select the top-k incidences, it uses PL sampling, costing
O(tlogk). Once the top-k mask is applied, message passing is executed over the reduced incidence matrix
containing k incidence pairs. Each such pair involves computations over feature vectors of dimension F,
resulting in a total message passing cost of O(kF'). Summing these components, the overall time complexity
per forward pass is: O(tlogk + kF).

In EHGNN-F(cond), computing incidence scores requires first aggregating node features via H” X to obtain
hyperedge embeddings X,, concatenating with node features X, and then evaluating a shared scorer on
each original incidence pair (v,e). Aggregation costs ©(tF'), Concatenation costs O(2tF), and evaluating
the MLP scorer with hidden width h for all incidences costs ©(tF'h). Since h is a constant, the overall cost
of computing scores s, is O(tF). Together with the PL sampling cost and message passing cost, the overall
time complexity of EHGNN-F(cond) is O(tlogk + kF + tF).

In EHGNN-F(cond,LR), the node factor construction costs O(nF'r), since it involves multiplying matrices
of dimensions n X F' and F x r. Incidence scorer, which computes r-dimensional dot product costs ©(tr).
The top-k selection cost and message passing costs remain the same as EHGNN-F. This yields total runtime
complexity of O(nFr + tlogk + kF + tr).

Space/Activation complexity: The space complexity of EHGNN-F consists of both the memory required
for storing scores s, . and intermediate activations stored during HGNN message passing. First, the model
learns a scalar mask logit s, . for every incidence pair (v,e), totaling O(t) persistent memory. During forward
propagation, all ¢ scores are passed through a sigmoid and retained in memory for use in the straight-through
estimator, contributing an additional O(t) temporary memory. The model then selects the top-k incidences
and performs message passing only over this pruned subset, requiring storage of O(kF') for the selected node
or edge features. Thus, the total space complexity is: O(t + kF'). This becomes prohibitive in large, dense
hypergraphs where ¢ > n, m; however, it is still more efficient than Full HGNN’s space complexity O(tF).

In EHGNN-F(cond), the activation cost remains O(t 4+ kF), because the pooled embeddings X, are inter-
mediate tensors that do not persist once the scorers are computed. Similarly, in EHGNN-F(cond,LR) the
activation cost remains O(t + kF').

Parameter overhead: The parameter overhead in EHGNN-F originates from its fine-grained masks. For each
incidence pair, the model maintains a dedicated scalar parameter. This leads to a total parameter count of:

o).

However, in EHGNN-F(cond), the parameter overhead originates from the MLP. A 2-layer MLP with h
hidden layers costs O(hF). Assuming h as constant, the overall parameter overhead of EHGNN-F(cond) is
O(F).

Table 5: Time and space (activation) complexity, and parameter overhead comparison. Here F' = feature
dimension, m = |E| is the original # hyperedges, t = } __ |e| is the original incidence size, k ~ t.x/m
indicates the reduced incidence size after sparsification, and x indicates the #hyperedges after sparsification.
Low-rank variants use rank r < F.

Method Time Space/Activation Param. overhead
Full HGNN O(tF) O(tF) None
EHGNN-F O(tlogk + kF) O(t + kF) o(t)
EHGNN-F (cond) O(tlogk + kF + tF) O(t + kF) O(F)
EHGNN-F (cond, LR) O(nFr +tlogk + kF + tr) O(t+ kF) O(Fr + mr)
EHGNN-C O(mlogk + kF) O(m + kF) O(m)
EHGNN-C (cond) O(tF +mlogk + kF + mF) O(m + kF) O(F)
EHGNN-C (cond, LR) O(nFr+ mlogk + kF + tr + mr) O(m+ kF) O(Fr 4+ mr)
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Figure 6: Performance of EdgeMask-HGNN on synthetic hypergraphs having the same # nodes, but different
node homophily ratios.

In EHGNN-F(cond,LR), the parameter overhead comes from node feature projection matrix W, € RI*"
and hyperedge factor Z € R™*" | incurring a total overhead of O(Fr + mr).

Coarse-grained EdgeMask-HGNN variants. We present their complexity in Table

C Additional Experiments

C.1 Effectiveness on heterophilic hypergraphs.

(2025)) proposed a synthetic dataset containing hypergraphs with various homophily ratios. We eval-
uate Full trianing, EHGNN-F and EHGNN-C on this dataset to understand the effectiveness of EdgeMask-

HGNN on synthetically generated hypergraphs with controlled homophily ratio. The results with 50%
sparsification are presented in Figure [6]

On highly heterophilic hypergraphs (e.g., homophily ratio = 0.3 and 0.4), where connected nodes often have
dissimilar labels, EHGNN-C and EHGNN-F outperforms Full training. This suggests that sparsification
prunes cross-class connections that are harmful for label propagation in highly heterophilic settings. However,
as the hypergraph becomes more homophillic, sparsification hurts the performance.

The performance of EHGNN-F becomes better than that of EHGNN-C as hypergraphs become more ho-
mophilic (e.g., homophily ratio = 0.8 and 0.9). This suggests that across homophily ratios, EHGNN-F

better maintains its performance by selectively pruning incidences that adversely affect the downstream
node classification accuracy.

Furthermore, we have analyzed their performance gain relative to Full training by examining the homophily
ratios across various hypergraph datasets. Figure [7] indicates a negative correlation, which suggests that

EHGNN-C EHGNN-F

40

% improvement w.r.t Full
°

% improvement w.r.t Full

Figure 7: Correlation between Edge homophily vs performance gain of EHGNN-C and EHGNN-F.
EdgeMask-HGNN variants offer more accuracy gain near low homophily/high heterophily regimes.
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Table 6: Comparing various state-of-the-art HGNNs and their EHGNN-F enhanced counterparts (sparsity
= 50%).

Models 20news Actor Citeseer Cora Cora-CA DBLP-CA House ModelNet40

AllSetTrans. 82.23 + 0.26 67.24 £ 0.54 67.37 + 0.92 76.43 + 0.45 81.71 +£ 1.23 91.11 + 0.06 100.00 + 0.00 97.94 + 0.15

AllSetTrans.+EHGNN-F  82.30 + 0.15 85.41 + 0.29  66.59 & 0.93 73.77 £ 1.13 77.28 + 1.59 88.48 + 0.21 98.33 + 2.35 97.71 + 0.08

ED-GNN 82.36 = 0.16 67.73 £ 0.10 69.42 +£ 0.50 78.14 £ 0.50 82.36 = 0.65 91.44 £ 0.09 93.31 + 4.74 97.36 = 0.12

ED-GNN+EHGNN-F 80.66 + 0.08 83.10 = 0.07  69.20 £ 0.76 75.45 + 0.78 78.97 £+ 0.85 89.66 + 0.18 97.89 +£ 1.08 97.63 £+ 0.08

HyperUFG 81.74 £+ 0.24 75.94 + 1.73 69.90 + 0.62 74.12 + 0.46 74.24 + 0.50  86.53 £ 0.08 100.00 £+ 0.00  91.35 + 0.10

HyperUFG+EHGNN-F 81.71 + 0.21 80.27 + 0.89 69.93 + 0.48 74.03 £ 0.32 74.21 £ 0.31 86.66 + 0.06 100.00 +£ 0.00 91.82 + 0.21
Mushroom NTU Pokec PubMed Twitch ‘Walmart Yelp

AllSetTrans. 100.00 + 0.00  88.23 £+ 0.43 59.25 + 0.35 87.90 + 0.42 50.85 £+ 0.27  99.79 + 0.04 OOM

AllSetTrans.+ EHGNN-F 99.98 + 0.04  89.03 + 0.43 59.64 + 0.63 87.91 + 0.30  50.52 £ 0.05 99.98 + 0.01  31.01 £ 0.58

ED-GNN 99.82 + 0.07 89.38 + 0.41 58.94 £ 0.67 88.02 + 0.25 50.14 £ 0.04 99.34 + 0.17 30.49 + 1.69

ED-GNN+EHGNN-F 99.28 + 0.14 89.15 +0.46 59.00 + 0.44 87.98 £0.21 50.20 + 0.14 99.69 + 0.08  31.51 + 0.42

HyperUFG 89.31 + 3.51 69.54 + 0.76 55.78 + 1.01 86.22 + 0.50 49.36 + 0.21  100.00 + 0.00 29.17 4+ 0.94

HyperUFG+EHGNN-F 89.39 + 4.85 71.13 + 0.82 56.03 + 0.83 86.30 + 0.39 49.50 + 0.41 100.00 £+ 0.00 29.54 + 0.71

the proposed models perform better in low homophily (high heterophily) regimes than in high homophily
regimes. For instance, on EHGNN-C, the Spearman correlation coefficient is —0.51, and on EHGNN-F it is
—0.44.

C.2 Adaptability to existing HGNN backbones.

EdgeMask-HGNN is model-agnostic and easily adaptable to different hypergraph architectures. To demon-
strate this, we have employed EHGNN-F into existing architectures such as AllSetTransformer (Chien et al.|
2021), ED-HNN (Wang et al., 2023)), and a heterophily-specific architecture— HyperUFG (Li et al., 2025]).
The performance comparison is presented in Table [f] We observe that EHGNN-F achieves comparable and
sometimes better performance across these three HGNN backbones. This indicates that the sparsification
mechanism is flexible and can act as a plug-in module without significantly degrading the existing HGNNs’
representational power.

C.3 Exact vs. Approximate effective resistance sparsification.

In addition to the exact effective-resistance-based sparsifier, which requires a dense pseudoinverse of the
hypergraph Laplacian, we implemented an approximate spectral sparsifier using a Hutchinson-type random
projection estimator for diag(L™'). Specifically, we sample vectors g from Rademacher distribution, solve
(L+ )z = g via Conjugate Gradient, and approximate diag(L™) = E[z® g]. These approximate resistances
are then aggregated per hyperedge as in the exact method. This follows the standard line of random-
projection-based spectral sparsification and avoids forming the pseudoinverse explicitly.

In practice, this approximation yields some loss in accuracy compared to full training while being significantly
more scalable. Table [7] shows that on DBLP-CA it reduces memory consumption than exact sparsification,
while enables training on Yelp and Walmart.

C.4 Scalability

Table [§ reports peak GPU memory across methods at the same sparsity budget.

Table 7: Comparison (Accuracy, peak memory) between exact and approximate effective resistance based
sparsification.

DBLP-CA Yelp ‘Walmart
Spectral (exact Effective resistance) OOM OOM OOM

Spectral (approximate Effective resistance) 88.79,1.15 GB 32.88,16.02 GB 94.76, 2.23 GB
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Table 8: Mean peak GPU memory usage (in GB) during training. Bold=best, |=%reduction w.r.t. Full.

Algorithms 20news ModelNet40 Mushroom NTU2012 Actor Citeseer Cora-CA DBLP-CA
Full 0.44 0.41 0.26 0.08 0.31 0.18 0.10 1.29
Random 0.31 (29% |) 0.28 (31% |) 0.18 (31% |) 0.06 (24% |) 0.29 (6% ]) 0.17 (5% ]) 0.09 (11% |) 1.06 (18% )
Edgedeg 0.36 (18% 1) 0.29 (29% 1) 0.23 (10% 1) 0.06 (24% 1) 0.32 (2% 1) 0.18 (3% {) 0.10 (5% {) 1.17 (10% 1)
Spectral 0.39 (12% 1) 0.29 (29% 1) 0.24 (6% {) 0.06 (24% 1) 0.32 (4% 1) 0.18 (3% {) 0.10 (5% 1) OOM
HSL 1.15 (161% 1)  1.08 (161% 1)  0.70 (175% 1)  0.23 (178% 1)  0.82 (164% 1)  0.30 (65% 1) 0.21 (105% 1) 2.65 (104% 1)
EHGNN-F 0.41 (7% 1) 0.35 (14% 1) 0.24 (6% {) 0.08 (9% ) 0.34 (10% 1) 0.18 (4% |) 0.09 (8% 1) 1.12 (14% 1)
EHGNN-C 0.46 (5 % 1) 0.37 (12% ) 0.28 (11% 1) 0.08 (9 % ) 0.36 (14% 1) 0.18 (4% 1) 0.09 (8% 1) 1.18 (9% 1)
EHGNN-F(cond) 0.47 (6% 1) 0.41 (1% 1) 0.25 (2% |) 0.08 (1% 1) 0.37 (18% 1) 0.35 (88% 1) 0.16 (60% 1) 2.71 (109% 1)
EHGNN-C(cond) 0.47 (8 % 1) 0.37 (10% 1) 0.27 (5% 1) 0.08 (8 % ) 0.35 (13% 1) 0.20 (9% 1) 0.10 (3% 1) 1.25 (3% 1)
EHGNN-F (cond,LR) 0.41 (7% {) 0.35 (14% 1) 0.24 6% ) 0.08 (9% 1) 0.34 (10% 1) 0.18 (3% 1) 0.10 (7% 1) 1.13 (13% 1)
EHGNN-C (cond,LR)  0.45 (2% 1) 0.37 (11% 1) 0.25 (1% {) 0.08 (9% 1) 0.36 (14% 1) 0.18 (4“; 1) 0.09 (9% 1) 1.18 (9% 1)
Cora House Pokec PubMed Twitch Walmart Yelp Trivago
Full 0.10 0.08 0.19 0.43 0.25 2.81 20.02 6.41
Random 0.09 (11% |) 0.05 (31% |) 0.18 (8% |) 0.36 (18% |) 0.21 (13% |) 1.86 (34% |) 11.14 (44% |) 4.69 (27% |)
Edgedeg 0.10 (8% 1) 0.06 (21% 1) 0.19 (5% {) 0.39 (10% 1) 0.22 (10% 1) 2.23 (20% 1) 15.92 (20% 1) 5.25 (18% )
Spectral 0.10 (9% 1) 0.06 (16% 1) 0.19 (4% 1) 0.39 (9% 1) 0.23 (7% 1) OOM OOM OOM
HSL 0.33 (211% 1) 0.23 (211% 1)  0.37 (90% 1)  0.92 (113% 1)  0.52 (112% 1)  7.39 (163% 1) OOM 13.35 (108% 1)
EHGNN-F 0.09 (9% 1) 0.07 (5% 1) 0.18 (8% |) 0.38 (13% 1) 0.22 (9% 1) 2.44 (13% 1) 18.45 (8% |) 6.15 (4% 1)
EHGNN-C 0.10 (9% 1) 0.07 (1% 1) 0.18 (5% {) 0.39 (11% ) 0.22 (12% 1) 2.49 (11% 1) 18.71 (7% 1) 6.67 (4% 1)
EHGNN-F(cond) 0.17 (61% 1) 0.07 (3% l) 0.18 (6% 1) 0.51 (18% 1) 0.23 (8% 1) 2.53 (10% 1) OOM 4.74 (26% 1)
EHGNN-C(cond) 0.10 (2% 1) 0.08 (5% 1 0.19 (5% {) 0.40 (7% ) 0.22 (12% 1) 2.58 (8% 1) OOM 7.07 (10% 1)
EHGNN-F (cond,LR) 0.10 (9% 1) 0.07 (4% l) 0.18 (7% 1) 0.38 (11% 1) 0.23 (9% 1) 2.46 (12% ) 18.64 (7% 1) 6.23 (3% 1)
EHGNN-C (cond,LR)  0.10 (8% ) 0.07 (6% 1) 0.18 (5% {) 0.38 (12% ) 0.22 (12% 1) 2.42 (14% 1) 18.83 (6% |) 6.68 (4% 1)

On small-scale datasets (e.g., NTU2012, Cora-CA): On small datasets, all methods exhibit comparable peak
memory since the full incidence structure already fits comfortably in GPU memory. In this regime, spar-
sification yields only marginal gains, and differences across methods are small (typically within ~0.02-0.05
GB). Notably, HSL incurs substantially higher memory overhead (e.g., 0.23 GB vs. 0.08 GB on NTU2012).

On moderately large hypergraphs (e.g., DBLP-CA, Walmart): As the incidence count increases, clear dif-
ferences emerge. On DBLP-CA and Walmart, activation memory begins to dominate, and sparsification
becomes critical. Random and degree-based pruning achieve the largest memory reductions. In contrast,
EHGNN-F achieves consistent memory reductions compared to Full (e.g., 1.12 GB on DBLP-CA, 2.44 GB on
Walmart) while preserving strong predictive performance. Finally, HSL shows substantially higher memory
usage (e.g., 2.65 GB on DBLP-CA and 7.39 GB on Walmart), indicating poor scalability.

On large-scale hypergraphs (Yelp, Trivago): At large scale, memory behavior becomes more heterogeneous.
On Yelp, Full already requires 20.02 GB, and most learnable sparsifiers provide only modest reductions (e.g.,
EHGNN-F: 18.45 GB, EHGNN-C: 18.71 GB). Feature-conditioned variants introduce additional overhead
due to per-incidence feature aggregation and scoring, leading to increased memory or even OOM (EHGNN-
F(cond), EHGNN-C(cond)). In contrast, simpler sparsifiers (Random) achieve the largest reductions (down
to 11.14 GB), though at a significant accuracy cost. On Trivago, which is large but less extreme, EHGNN
variants consistently reduce memory relative to Full (e.g., 6.15 GB vs. 6.41 GB), with feature-conditioned
variants remaining competitive unless additional overhead dominates.

Overall, peak GPU memory is primarily governed by hypergraph scale, particularly the total incidence count
t. Unsupervised sparsifiers, such as random and degree-based sparsifiers, have the lowest memory footprint,
since they do not need to perform additional computation during training and, in fact, they benefit from
reduced #incidences during message passing. However, as observed in Table [2] their performance is often
superseded by EdgeMask-HGNN variants. EHGNN-F provides a favorable trade-off, achieving consistent
memory reductions while maintaining strong performance. EHGNN-C offers similar benefits, but is more
sensitive to hyperedge structure.

D Model Parameter Sizes

We report the model parameter sizes in Table [J] for a complete understanding of the parameter overhead,
which was discussed earlier theoretically. Recall that EHGNN-C and EHGNN-F have parameter overhead of
O(m) and O(t), respectively, where m = #edges and t = ) . |e| is the number of node-hyperedge pairs.
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Table 9: Number of model parameters (integers) across datasets for each algorithm at sparsity = 50%.
OOM=0Out-of-Memory.

Algorithms 20news ModelNet40 Mushroom NTU2012 Actor  Citeseer  Cora-CA DBLP-CA
Full 53764 72745 12802 86083 27651 1899526 737799 733190
Random 53764 72745 12802 86083 27651 1899526 737799 733190
Edgedeg 53764 72745 12802 86083 27651 1899526 737799 733190
Spectral 53764 72745 12802 86083 27651 1899526 737799 OOM
HSL 88718 91123 78448 92813 82153 557238 262203 261098
EHGNN-F 119215 134300 53422 96143 81023 1902979 742384 832751
EHGNN-C 53864 85056 13100 88095 37815 1900605 738871 755553
EHGNN-F (cond) 60229 79210 14275 92548 30916 2136583 829576 824455
EHGNN-C (cond) 57029 76010 13571 89348 29316 2018087 783720 778855
EHGNN-F (cond, LR) 54564 122389 14082 94531 68507 1918654 747819 828342
EHGNN-C (cond, LR) 54564 122389 14082 94531 68507 1918654 747819 828342
Cora House Pokec PubMed  Twitch Walmart Yelp Trivago
Full 737799 2562 34818 258051 5122 11787 958473 498848
Random 737799 2562 34818 258051 5122 11787 958473 498848
Edgedeg 737799 2562 34818 258051 5122 11787 958473 498848
Spectral 737799 2562 34818 258051 5122 OOM OOM OOM
HSL 651963 75848 84038 140653 76498 77603 OOM 124858
EHGNN-F 742585 14405 40320 292680 21478 472417 5482067 1225709
EHGNN-C 739378 2903 37224 266014 7749 81693 1637775 732050
EHGNN-F (cond) 829576 2755 39043 290116 5635 12556 OOM 255457
EHGNN-C (cond) 783720 2691 36963 274116 5411 12204 OOM 508513
EHGNN-F (cond, LR) 749847 3934 44702 291903 15658 291455 3683129 1432856
EHGNN-C (cond, LR) 749847 3934 44702 291903 15658 291455 3683129 1432856

Since m << t in most of the datasets, we observe that EHGNN-C has a smaller parameter overhead than
EHGNN-F in general.

EHGNN-F has a higher parameter overhead than Full, Random, Degdist, and Spectral due to the fact that it
needs to learn the mask conditioned on the supervision signal from the downstream task, requiring additional
parameters. While EHGNN-F introduces a higher parameter overhead, its memory usage (O(t + kF))
is dominated by sparsified message passing layers. The substantial reduction in active node-hyperedge
incidences (k < t) leads to a much smaller activation footprint. Thus, despite having more parameters,
EHGNN-F generally consumes less memory than the Full training (see in earlier Table .

E EdgeMask-HGNN on Inductive Link Prediction Task

While the main experiments evaluate EdgeMask-HGNN on node classification task, we also investigate its
adaptability on link prediction task. To that end, we adapt Hyper-SAGNN (Zhang et al., 2020)), a self-
attention-based architecture designed for this task.

Link prediction task. Let V denote the set of nodes and let £ = {ey,...,en} be the set of observed
hyperedges, where each hyperedge e C V represents a higher-order relation among multiple nodes. The goal
of hyperedge prediction is to learn a scoring function

fo:2Y —[0,1],
that estimates the likelihood that a candidate node set forms a valid hyperedge. In this paper, we focus on a
simpler variant of link prediction where all edges have the same cardinality. Thus, in this paper, the scoring

function we intend to learn is the following:

fo:V)* —0,1], (12)
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where [V]* indicates the set of all k-sets of V. Formally, given a candidate hyperedge e = {v,..., v}, the
model predicts

ge = f9(€)7 (13)

where g, is the probability that e corresponds to a valid higher-order relation.

Inductive setting. In the inductive link prediction setting, the model is trained using a subset of observed
hyperedges Eirqin C £, while validation and test hyperedges are drawn from &,,; and 5. Importantly, node
embeddings must generalize to previously unseen hyperedges composed of nodes from V.

To train the model, we construct a binary classification dataset consisting of positive and negative hyperedges.
Positive examples correspond to observed hyperedges e € E;qin, While negative examples are generated by
corrupting one position of a positive hyperedge with another node of the same type and rejecting corrupted
tuples that already appear in the observed hyperedge set. Each example is assigned a label

1 ec gtraina
- 14
Y {0 otherwise. (14)

The model parameters are optimized using the binary cross-entropy loss
1 "
L= Ezg(yeaye)v (15)
eeB

where B denotes a minibatch of candidate hyperedges.

Hyper-SAGNN backbone. Given a candidate hyperedge (tuple) e = (v1,...,vk), each node v; is first

mapped to an initial embedding hg?). These embeddings are then processed through two parallel transfor-
mations.

First, a position-wise feed-forward network produces the static embedding

Rt = tanh (W] h("), (16)
which depends only on the individual node v; and is independent of the other nodes in the hyperedge.
Second, a multi-head self-attention layer is applied over the set {hq(,?)7 .. .,hE,?)} to produce the dynamic
embedding

Ry = Attention(h{”, {R{YE_,), (17)

which captures interactions among all nodes within the hyperedge.

Thus, hf)f“t represents node-specific information that is invariant across hyperedges, while hfff/” encodes
context-dependent information that varies with the composition of the hyperedge.

Finally, the resulting edge representation is computed as
1
ze =10 Y (R — Ry, (18)
le] ==
which is passed to a classification head to predict the validity of the hyperedge. Hyper-SAGNN treats each
hyperedge independently; thus, the predictions depend only on the nodes contained in the target hyperedge.

EdgeMask-HGNN adaptation To incorporate EdgeMask-HGNN variants, we introduce a learnable
sparsification module that assigns an importance score m, € [0,1] to each hyperedge. Unlike the baseline
Hyper-SAGNN model, these scores are used to construct contextualized node embeddings prior to the edge
scoring stage.

For each hyperedge e, we compute an edge-level message

1
9e = 17 > wWh, (19)

uece
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Table 10: Performance comparison between Hyper-SAGNN (Baseline) and various sparsification variants at
sparsity=50%.

WordNet Drug MovieLens
Model (user, relation, tail) (user, drug, reaction) (user, movie, tag)
#V = (40504, 18, 40551) #V = (12, 1076, 6398) #V = (2113, 5908, 9079)

Acc AUC AUPR Acc AUC AUPR Acc AUC AUPR

Hyper-SAGNN 88.35 87.92 68.62 93.93 95.72 89.00 90.62 90.93 75.39
Random 93.24 95.68 87.05 96.49 98.64 95.72 95.11 97.43 92.12
EdgeDeg 93.47  96.05 87.96 96.57 98.62 95.69 95.06 97.24 91.84
Spectral 91.29 92.02 79.75 96.80 98.72  95.97 94.08 96.16 88.85
EHGNN-F 96.30 97.02 92.59 96.72 97.57 94.73  96.47 97.20 93.42
EHGNN-C 93.21 95.80 87.03 96.58 98.66 95.74 95.11 97.24 91.84
EHGNN-F(cond) 94.81 96.84 90.92 97.16 99.01 96.66 96.62 98.59 95.54

(
EHGNN-C(cond) 93.76  96.49 88.81 96.70 98.81 96.14 95.59 97.81 93.16
EHGNN-F(cond,LR) 98.78 99.64 99.05 98.33 99.70 98.77 98.32 99.66 98.46
EHGNN-C(cond,LR) 91.84 93.34 82.07 95.87 97.74  93.89 93.89 95.61 88.39

and update node embeddings using masked hypergraph aggregation

AV =h{) + > meg.. (20)

ewwee
For a node v, its contextualized embeddings hSJl) are then used as inputs to Hyper-SAGNN:

Je = fo({h(V 1 v € e}), (21)
where fy denotes the Hyper-SAGNN encoder.

This modification introduces a lightweight form of structural reasoning into Hyper-SAGNN: predictions for
an edge now depend on other hyperedges sharing nodes through the masked aggregation step. Next, we
discuss the computation of mask m..

Mask computation and Training objective. The mask is obtained from the underlying EdgeMask-
HGNN sparsifier. We first discuss the case of coarse-grained sparsifier. Let the model parameters of the
sparsifier be ®. Then the global edge mask m, is obtained as

m, = EdgeMask-HGNN, (B, X = Xj), (22)

where Xp = (hff)))ve B are the node features of the nodes in batch B. The model is trained end-to-end using
the loss L defined in Equation , where the gradients propagate through both the Hyper-SAGNN encoder
and the sparsification module.

When the sparsifier is fine-grained, we obtain m,. from aggregating learned incidence masks m, .:
1
m, . = EdgeMask-HGNN4 (B, X = Xp), m.= ﬂ E My e (23)
e

Experimental results and discussion. Table summarizes the performance of the baseline Hyper-
SAGNN model and the EHGNN-enhanced variant across three datasets at 50% sparsity.

The results demonstrate that EdgeMask-HGNN can significantly enhance Hyper-SAGNN in inductive link
prediction tasks. For instance, on WordNet, EHGNN-F(cond,LR) increases AUC from 87.92 to 99.64, while
AUPR improves from 68.62 to 99.05. Similarly, on the Drug dataset, AUC increases from 95.72 to 99.70.
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Table 11: Statistical test by conducting paired (related) samples t-tests: Full vs. EHGNN-C and Full vs.
EHGNN-F. Here * = p < 0.05,*x = p < 0.01 and — = p > 0.05 indicates no statistical significance.
Edgemask variants are run with 50% sparsification.

EHGNN-C EHGNN-F

Dataset Full Mean Acc. A p-value  Sig. Mean Acc. A p-value Sig. Better Method
20news 81.04 79.08 -1.96 2.58e-05 Hok 77.18 -3.86 3.42e-07 *x Full
Actor 64.54 76.72 +12.19  2.16e-09 Hok 78.01 +13.47  1.33e-09 Hok EHGNN-F
Citeseer 68.19 68.60 +0.41 1.46e-01 - 66.76 -1.43 1.27e-02 * EHGNN-C
Cora 78.23 75.60 -2.63 3.38e-04 Hx 75.72 -2.51 8.48e-05 Hk Full
Cora-CA 81.48 77.02 -4.46 1.92e-05 Hok 77.49 -3.99 4.43e-05 *x Full
DBLP-CA 90.77 85.28 -5.49 5.14e-08 Hok 87.01 -3.75 7.30e-07 Hk Full
House 73.87 75.85 +1.98 7.03e-04 Hk 86.13 +12.26  5.15e-07 Hk EHGNN-F
ModelNet40  94.72 95.73 +1.01 1.68e-05 Hok 96.32 +1.60 1.74e-05 *k EHGNN-F
Mushroom 98.73 93.59 -5.14 3.20e-05 Hok 97.24 -1.49 4.57e-05 *x Full
NTU2012 88.03 87.20 -0.83 8.15e-03 Hok 87.48 -0.56 7.29¢-02 - Full
Pokec 58.36 59.15 +0.79 4.37e-07 Hk 58.53 +0.17 1.40e-03 Hk EHGNN-C
PubMed 86.50 86.56 +0.06 2.31e-01 - 86.75 +0.25 7.02e-03 *k EHGNN-F
Twitch 51.22 51.44 +0.22 9.97e-03 *k 50.84 -0.38 1.10e-05 ** EHGNN-C
Trivago 61.39 37.78 -23.61 2.16e-05 Hok 45.56 -15.83 5.33e-05 Hk Full
Walmart 95.36 95.89 +0.53 7.30e-05 Hox 96.90 +1.55 9.77e-09 Hox EHGNN-F
Yelp 33.60 31.98 -1.62 1.14e-03 Hok 33.36 -0.24 2.89e-01 - Full

This indicates that the learned sparsifier effectively removes noisy hyperedges and improves representation
quality. Furthermore, compared to unsupervised sparsifiers, fine-grained sparsifier variants generally yield
superior performance.

Effect of sparsification on link prediction. The key benefit of the proposed adaptation is that it
introduces structural context into a model that originally treats hyperedges independently. As a result,
predictions for a candidate hyperedge can incorporate information from other related hyperedges through
the masked aggregation step. This capability is particularly beneficial in datasets with noisy relational
structures. Overall, these experiments demonstrate that EdgeMask-HGNN can extend the capabilities of
Hyper-SAGNN by enabling task-aware hypergraph sparsification for inductive link prediction.

F Statistical Significance Tests

In order to evaluate whether the proposed EdgeMask variants are meaningfully superior to full hypergraph
training baseline, we conduct paired (related) samples t-tests comparing Full vs. EHGNN-C and Full vs.
EHGNN-F across all datasets in Table Here, * = p < 0.05, xx = p < 0.01, and — = p > 0.05 indicate
statistical significance levels. All Edgemask-HGNN variants operate under a 50% sparsification budget.

First, sparsification does not universally degrade performance. On many datasets, particularly Actor, House,
Walmart, Pokec, and Twitch, we observe that both EHGNN-C and EHGNN-F significantly outperform the
full hypergraph model, despite using only 50% of the hyperedges. This indicates that dense hypergraphs often
contain redundant or noisy high-order relations, and that principled sparsification can improve generalization
by acting as a structural regularizer.

Second, datasets with strong homophily, such as Cora, Cora-CA, CiteSeer, and DBLP-CA, show significant
performance drops after sparsification. Here, full connectivity provides a useful neighborhood signal, and
removing hyperedges disrupts information flow.

G Ablation Studies

Choice of sampler. Table|12|compares the default weighted sampling without replacement strategy used
in EHGNN-F against two alternatives: deterministic top-k based on the scores s and independent Bernoulli
sampling with /5 regularization. The three variants are generally competitive, but EHGNN-F achieves
the most consistent performance across datasets, supporting our choice of budget-constrained stochastic
sampling.
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Table 12: Comparison (accuracy + std) of EHGNN-F, deterministic top-k EHGNN-F, and EHGNN-F w/
Bernoulli sampling + L2 reg. across datasets.

Model 20news ModelNet40 Mushroom NTU2012 Actor Citeseer Cora-CA DBLP-CA

EHGNN-F w/ deterministic top-k 76.64 £ 0.05 96.23 £ 0.03  97.34 £ 0.33  86.08 & 0.34 77.69 £0.05 68.91 £ 0.22 75.81 £ 0.51 86.03 £ 0.12
EHGNN-F w/ Bern. sampling + ¢, 77.04 £ 0.09 96.23 & 0.11  97.34 4+ 0.34 87.00 £ 0.67 77.99 + 0.12  67.03 + 0.53 77.02 £ 0.34 86.88 £ 0.10
EHGNN-F 77.18 £ 0.10 96.32 + 0.11 9724 £0.21 87.44 £ 0.36  77.90 £ 0.05 66.76 & 0.45  77.61 + 0.34 87.00 &+ 0.10

Cora House Pokec PubMed Twitch Walmart Yelp Trivago

EHGNN-F w/ deterministic top-k 76.37 + 0.18 86.01 4+ 0.26 58.61 + 0.04 86.66 + 0.06 50.73 £+ 0.03 96.92 4 0.01 33.13 4+ 0.16 45.22 + 1.65
EHGNN-F w/ Bern. sampling 4+ ¢, 75.66 & 0.69 84.40 £ 1.09 5852 £0.09 86.91 £0.13 50.94 £ 0.09 96.74 £ 0.08 33.33 £ 0.24 44.18 £ 1.90
EHGNN-F 75.72 £+ 0.22 85.82 4 0.96 58.56 £ 0.03 86.76 £ 0.05 50.82 + 0.05 96.92 + 0.02 3329 + 0.22 46.75 + 0.71
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Figure 8: % of Learned mask flipped per epoch during training of EHGNN-C with 50% pruning rate.

H Empirical Convergence and Stability of Learned Masks

A central concern in learnable sparsification is whether the discrete masks mh, . converge to a stable selection
of hyperedges or incidences. Since the forward pass uses a hard selection (top-k) but the backpropagation
uses a straight-through estimator (STE), instability of these surrogate gradients could lead to erratic mask
behavior.

In order to verify that the learned masks truly converge during training, we track the mask flips, meaning,
hyperedges whose hard mask value changes between consecutive epochs for EHGNN-C:

% Flip(t) = % Z 1[7?19 # mg_l)]7

ecE

where mét) € {0, 1} denotes whether hyperedge e is kept by the sparsifier at epoch ¢. If the learned sparsifier
is unstable, we expect frequent flips throughout training (a higher %Flip).

Figures and [8¢| show the %Flip for three datasets (Cora, Actor, and Yelp), where we observe that
%Flip rapidly decreases after the initial epochs and stabilizes to very low values (< 1%). This demonstrates
that the learned discrete mask converges to a stable sparsification pattern, with only small local perturbations
as training progresses.
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