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Abstract—Network motifs, as fundamental functional sub-
structures in gene regulatory networks (GRNs), play a critical
role in regulating gene expression. Despite the successful appli-
cation of graph representation learning in GRN modeling, most
existing approaches mainly capture pairwise relationships and
overlook higher order regulatory patterns encoded by functional
motifs, which limits the accuracy of regulatory inference. To
address this limitation, we propose Motif-GRN, a motif-based
hypergraph representation learning framework that captures
the underlying biological logic in higher order semantic struc-
tures. We first identify statistically significant regulatory motifs
and construct a multichannel motif-induced hypergraph. We
then design a motif-aware hypergraph convolutional network
to extract motif-centric semantic features, while a conven-
tional graph convolution module preserves first-order relational
information. In addition, we introduce cross-view contrastive
learning to align heterogeneous representations and enhance gene
embeddings. Building on Motif-GRN, we develop an inductive
extension that enables cross-dataset generalization and effective
GRN inference with limited labels. Extensive experiments on
three ground-truth networks across seven cell types demonstrate
that Motif-GRN outperforms state-of-the-art baselines in both
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transductive and inductive GRN inference tasks, highlighting its
potential for higher order regulatory network modeling.

Index Terms—Biological network inference, gene regulatory
network (GRN), hypergraph representation learning, network
motif.

I. INTRODUCTION

ENE expression regulation is a fundamental mechanism

underlying phenotypic variation in biological systems
[1]. To elucidate how transcription factors (TFs) cooperate
with target genes to orchestrate transcriptional processes,
systems biologists often refer to these interactions as gene
regulatory networks (GRNSs) [2], [3]. Systematic analysis of
GRNs helps clarify molecular mechanisms in biology and
underpins advances in disease research, including tumorigen-
esis [4], therapeutic target discovery [5], [6], and personalized
precision medicine [7], [8].

To characterize the complex dependencies between TFs
and target genes, various computational models have been
proposed. Traditional unsupervised statistical and machine
learning methods [9], [10], [11], [12] predominantly rely
on expression data to infer gene-level associations but often
neglect prior regulatory knowledge. Recently, supervised deep
learning frameworks [13], [14], [15], [16] have emerged,
which integrate epigenetic modifications and other biologi-
cal priors, leading to substantial advances in modeling gene
regulatory relationships. However, despite their success, most
existing approaches fundamentally model GRNs as collec-
tions of independent pairwise TF—gene interactions, making
it difficult to explicitly capture cooperative and higher order
regulatory dependencies among multiple genes.

This limitation is particularly problematic because gene
transcription often involves the coordinated response of mul-
tiple genes. Such relationships recur in GRNs as subgraphs
with specific topological features, known as network motifs.
Shen-Orr et al. [17] first introduced this concept, showing
that the E. coli GRN is assembled from multiple motifs
in a “Lego-like” manner. Motivated by this, we used the
mfinder program [18] to systematically detect and evaluate
three-node motifs in human and mouse ground-truth networks.
Fig. 1 presents the motif significance distribution in the
Nonspecific ChIP-seq dataset, where motifs with Z-score >
2 are considered statistically significant [19]. Across both
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Statistical significance analysis of three-node motifs across ground-truth networks in the Nonspecific ChIP-seq dataset. Motifs are identified using

mfinder, and their significance is evaluated based on Z-score criteria. The x-axis represents seven scRNA-seq datasets and thirteen motif types, while the
y-axis shows motif Z-scores. A gray dashed line indicates the significance threshold at Z-score = 2.

ChIP-seq-500 and ChIP-seq-1000 networks, a substantial pro-
portion of three-node motifs consistently exhibit statistically
significant enrichment, while additional motifs show moder-
ate enrichment above random expectation. Detailed statistics
are reported in Supplementary Tables S1-S21, with visual
summaries in Figs. S1 and S2. These observations indicate
that network motifs are not incidental local patterns but
constitute fundamental and reusable higher order regulatory
building blocks in GRNs. Nevertheless, most current GRN
inference methods remain largely pairwise-focused [11], [12],
[15], [16] and lack a principled mechanism to incorporate
motif-level higher order semantics into representation learning
frameworks.

To explicitly bridge this gap between statistically signifi-
cant regulatory motifs and computational GRN inference, we
propose Motif-GRN, a motif-aware hypergraph representation
learning framework that systematically integrates motif-level
higher order regulatory semantics into GRN inference. We
first perform statistical enrichment analysis on all three-node
motifs in GRNs and select the most significant types as
templates to construct a motif-induced multichannel hyper-
graph, where each channel corresponds to a biologically
meaningful regulatory pattern. Then, Motif-GRN employs

a motif-aware hypergraph convolutional network to capture
higher order semantic structures within motifs and a conven-
tional GCN to model direct pairwise interactions. To mitigate
the information homogenization caused by the direct fusion
of features from different structural views, we design a cross-
view self-supervised contrastive learning mechanism. Finally,
we obtain unified embeddings of genes to predict regulatory
associations. Moreover, we develop an inductive extension of
Motif-GRN, enabling cross-dataset generalization and address-
ing the scarcity of regulatory annotations in certain organisms.

The main contributions of this work are summarized as
follows.

1) We present the first multichannel motif-aware hyper-
graph neural network to model recurrent subgraph
structures in GRNs. By introducing a novel construction
strategy for motif-induced hypergraph adjacency, the
proposed framework effectively captures the biological
semantics of higher order regulation.

2) The proposed Motif-GRN model integrates a motif-
driven hypergraph encoder with a conventional graph
encoder to jointly capture higher order coopera-
tive semantics and direct regulatory relationships and
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introduces a cross-view self-supervised task to improve
the consistency of gene representations across views.

3) We further design the first inductive hypergraph frame-
work for GRN inference, supporting cross-dataset
training and testing generalization and effectively alle-
viating the challenge posed by limited prior regulatory
knowledge.

4) Extensive evaluations conducted on multiple datasets
demonstrate that Motif-GRN consistently outperforms
state-of-the-art methods in terms of AUROC and
AUPRC, thereby validating its effectiveness and broad
applicability in both transductive and inductive GRN
inference tasks.

II. RELATED WORK
A. GRN Inference Methods

Inspired by the “guilt-by-association” principle [20],
correlation-based methods assume co-expression between
upstream TFs and downstream genes, using correlation
coefficients to capture linear [11] or nonlinear [12] regula-
tory relationships. Information-theoretic approaches employ
entropy [21], mutual information, and conditional mutual
information [22], [23] to reveal statistical dependencies in
gene expression. Regression-based models [24], [25] express
target gene levels as functions of multiple TFs, where coef-
ficients indicate regulatory strength and direction. However,
these unsupervised approaches heavily rely on expression data
and often fail to incorporate prior regulatory signals such
as epigenetic modifications. Convolutional neural network
(CNN) [26] methods like CNNC [13] transform the prior
regulatory pairs into histograms to uncover latent patterns,
and CNNGRN [14] further integrates network topology with
expression data to enhance spatial feature extraction. Despite
this, CNNs struggle to capture contextual semantics and are
computationally intensive. Given the intrinsic graph structure
of GRNs, graph neural networks (GNNs) [27] have emerged as
powerful tools, improving reconstruction accuracy and inter-
pretability. For example, GRGNN [15] formulates regulatory
inference as subgraph classification; GENELink [16] applies
graph attention networks (GATSs) to infer dependencies from
incomplete data; and GNNLink [28] models GRN reconstruc-
tion as link prediction using graph convolutional networks.
In [29], multisubgraph CNNs are proposed to integrate com-
plementary biological networks. Recent studies have further
enhanced GNN-based GRN inference by introducing residual
structures and attention mechanisms, such as GRANet, which
improves the modeling of complex regulatory dependencies
through graph residual attention [30]. Overall, graph deep
learning captures local and global regulatory structures via
neighborhood aggregation but mainly models explicit pairwise
relationships between TFs and target genes, making it difficult
to represent synergistic effects among multiple genes directly
[311, [32], [33].

B. Higher Order Modeling in Biological Networks

Complex biological networks, including gene regulatory,
protein—protein interaction, and metabolic networks, often

exhibit higher order interactions that go beyond simple pair-
wise relations. Hypergraphs provide a natural framework
for capturing such multinode dependencies [34], [35], [36].
Recently, hypergraph neural networks have been widely devel-
oped for general higher order representation learning and
applied to multimodal data integration and node classification
tasks. For example, DHHNN leverages dynamic hypergraph
structures and variational learning to model higher order
interactions across multiple domains [37]. However, most
hypergraph-based representation learning methods still focus
primarily on structural connectivity while remaining limited
in their ability to encode biological semantics.

In contrast, network motifs—subgraph patterns with spe-
cific functions—offer an alternative means of analyzing the
higher order structures of biological networks. Typical three-
or four-node motifs, such as feed-forward loops (FFLs) and
bi-fans, are prevalent in biological systems, including gene
regulatory and signaling pathways [17]. Existing studies [38]
indicate that, from bacteria to humans, various motifs per-
form specific signal processing functions in GRN. However,
most current studies focus solely on the statistical proper-
ties of motifs and rarely integrate them systematically into
representation learning frameworks. This gap limits the char-
acterization of their structural roles and semantic contributions.
Recent advances have attempted to integrate motif informa-
tion into GNNs. For instance, Zhang et al. [39] introduced
MGSSL, a self-supervised framework leveraging molecular
motifs for pretraining, while Liu et al. [40] developed the
MARS model, which employs a motif-based generation strat-
egy for reaction center identification and synthon completion
in chemical reaction prediction. These studies highlight the
potential of motif-driven modeling in complex biochemical
systems. Nevertheless, most existing methods rely on edge-
level decomposition or implicit encoding of subgraph patterns,
which undermines the preservation of cooperative multin-
ode semantics and restricts their capacity to capture higher
order regulatory logic. In contrast, Motif-GRN explicitly
treats statistically significant regulatory motifs as biologically
interpretable higher order structural units and incorporates
them into motif-induced hypergraph representations, enabling
the modeling of cooperative gene regulation with improved
interpretability.

III. METHODS

A. Motif-GRN Framework

Motif-GRN is a novel framework for GRN reconstruction
that leverages motif-induced hypergraphs to capture structural
and functional modules underlying transcriptional regulation.
As illustrated in Fig. 2, the architecture consists of three key
components.

1) Multichannel Motif-Induced Hypergraph Construction:
Ten representative motifs are selected based on statistical
significance analysis across ground-truth networks to
construct distinct hypergraph channels, each represent-
ing a biologically meaningful higher order regulatory
pattern;
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Fig. 2. Overview of the Motif-GRN workflow. (a) Illustration of the overall pipeline, from learning gene representations based on prior regulatory data
to inferring potential gene regulatory relationships. (b) Proposed framework consists of three main stages: 1) constructing motif-induced multichannel
hypergraphs to capture higher order regulatory semantics; 2) learning high-order semantic features (Xp;gner) and explicit pairwise regulatory features (Xpinary) via
parallel hypergraph and graph encoders, respectively, with cross-view contrastive self-supervised alignment; and 3) directly integrating the two complementary
representations and inferring gene regulatory dependencies through an inner product decoder to reconstruct the GRN.

2) Joint Representation Learning of Higher Order and
Pairwise Interactions: A motif-aware hypergraph
encoder is designed to extract semantic features from
higher order regulatory structures, while a GNN encoder
is employed in parallel to capture explicit pairwise
regulatory interactions between genes.

3) Cross-View Self-Supervised Contrastive Learning:
Semantic and structural features from both encoders
are aligned using a self-supervised contrastive learning
strategy. Auxiliary objectives are jointly optimized
with the downstream task to enhance multiview gene
representations and improve GRN reconstruction
performance.

B. Construction of Motif-Induced Hypergraphs

To capture higher order interactions among genes, we
construct a hypergraph based on the prior regulatory network,
where hyperedges are defined by statistically enriched recur-
ring subgraph patterns, rather than entity types. Specifically,
we identify a set of highly enriched three-node motifs within
the regulatory network that reflect distinct many-to-many reg-
ulatory relationships and use them to construct a multichannel
motif-induced hypergraph. As illustrated in Fig. 3(a), we select
ten representative motifs by integrating their enrichment prop-
erties with their canonical functional roles in transcriptional
regulatory networks [36], with each motif encoding a distinct
and functionally interpretable regulatory pattern. For example,

in the FFL motif, regulator A controls gene C both directly
and indirectly via gene B. This structure enhances the system’s
robustness by filtering out transient signals, ensuring that gene
C is activated only in response to sustained regulation from A.

1) Network Motif Definition: A motif M is defined as a
tuple (K,.A) with n nodes, where K is an n X n binary
adjacency matrix, and A c {1,2,...,n} denotes the set of
participating nodes. In this study, we focus on directed three-
node motifs, which serve as fundamental regulatory building
blocks. Fig. 3(b) presents an example motif, illustrating both
its structural pattern and formal representation.

2) Motif-Induced Adjacency Matrix: Given a specific motif
type My, the co-occurrence frequency of genes i and j within
its instances M effectively characterizes higher order regu-
latory relationships. The motif-induced adjacency matrix Ay,
is defined as

Ay, @G, )) = Z]I(i,j occur in the same instance of M;)

i#]

(1
where I(+) is the indicator function returning 1 if genes i and j
co-occur in a motif instance, and 0 otherwise. Here, Ay, (i, j)
denotes the frequency with which nodes i and j co-occur
within the same instance of motif M} across the entire network.
As illustrated in Fig. 3(c), a five-node graph is used to demon-
strate the motif-induced adjacency matrix for motif M3, where
{1,2,3} and {1,2, 5} represent two instances of motif Mj.
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Fig. 3. (a) Ten selected three-node network motifs used in this study. (b) Instance of motif M3, along with its corresponding node set .A and binary adjacency
matrix K. (c) Five-node directed graph (left) and the motif-induced adjacency matrix for M3 (right).

TABLE I

COMPUTATION RULES OF MOTIF-INDUCED HYPERGRAPH
ADJACENCY MATRIX Ay,

Motif Matrix Operation Ay,
M C=(UUu)oU" c+CT
Mo C=BU)0U" +(UB)oUT +(UU)GB | C+CT
M3 C=(BB)0U+ (UB)0B+ (UB)®B c+cCT
My C=(BB)®B C
Ms C=(UU)oU+(UUN)eU+(UTU)0U | C+CT
Mg | C=(UB)OU+BUN)eUT +(UTU)OB C
M; | C=(U'TB)oUT +(BU)0U+ (UTU)OB C
Ms Cc=uu" c+cCT
My C=s8sT C
Mo c=s8Ts C

3) Motif-Induced Hypergraph: Hypergraphs generalize tra-
ditional graphs by allowing hyperedges to connect multiple
nodes, making them well-suited for modeling higher order
regulatory structures. We define a motif-induced hypergraph as
G = (V,E), where V is the set of gene nodes and E is the set of
hyperedges, each corresponding to an instance of a three-node
regulatory motif. To represent higher order gene interactions,
we use a hypergraph incidence matrix H € RIYI¥XIEl| where
H(v,e) = 1 if gene v is part of hyperedge e, and 0 otherwise.

As shown in Fig. 3(c), the motif instance {1, 3,5} of motif
M3 corresponds to hyperedge e, while {1, 2, 3} forms another
hyperedge e,. In GRNS, the sheer number of motif instances
results in an extremely large incidence matrix H € RIVIXIEl,
which poses significant computational and storage challenges.
To mitigate such computational burden, we adopt the approach
from [53] by constructing motif-induced hypergraph adjacency
matrices without explicitly storing hyperedges. Given the
original adjacency matrix S, we define the bidirectional part
as B =S © ST and the unidirectional part as U = S — B, where

© denotes the Hadamard product. Using these definitions, the
motif-induced hypergraph adjacency matrices Ay, for the ten
selected three-node motifs are constructed through a series of
matrix operations detailed in Table I.

C. Multichannel Graph Encoding Layer

The study aims to model and analyze ten types of higher
order regulatory motifs. To achieve this, we employ a multi-
channel motif-aware hypergraph encoder to extract semantic
regulatory features embedded in each motif. Since different
motifs contribute unequally to gene representation learning,
directly using raw features from all channels is suboptimal.
Therefore, a self-gated unit (SGU) is introduced to adaptively
filter base gene embeddings per channel. This mechanism
enables dynamic adjustment of feature representations. The
mechanism is defined as follows:

X = fl. (XO) =XQ 00 (XOW, +b).

- Jgate

)

Let + € 1,2,...,10 denote the index of the motif-induced
hypergraph channels. Each channel is associated with learn-
able parameters Wg' € RY*¢ and bg' € RY, where d is
the dimension of the input gene embedding X and o (')
is a nonlinear activation function. The resulting channel-
specific embedding is denoted as XEO). To effectively extract
higher order semantic regulatory features while maintaining
computational efficiency, we adopt the simplified hypergraph
convolution framework from [54]. The layer-wise propagation
rule is formulated as

XEH_I) — D;IH[L;]H;—Xy) (3)

where Xﬁlﬂ) denotes the embedding updated after the (/ 4 1)th
hypergraph convolution at channel #; H; is the incidence matrix
of the motif-induced hypergraph; and D, and L, are the degree
diagonal matrices for nodes and hyperedges, respectively.
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However, as previously discussed, the number of motif-
induced hyperedges in each channel grows exponentially,
leading to prohibitive computational and storage costs for
constructing the incidence matrix and performing hypergraph
convolutions. This renders direct application of conventional
hypergraph convolution frameworks infeasible.

During propagation, the term H,TXEI) aggregates node fea-
tures into hyperedges, while the multiplication by H, maps
hyperedge representations back to nodes. Notably, the matrix
H,H € R™*™ encodes the co-occurrence frequency of node
pairs within motif instances, where each entry quantifies
how often the corresponding pair appears together in the
same motif. Ignoring self-loops, HH] is equivalent to the
motif-induced adjacency matrix Ayy,. Thus, the motif-aware
hypergraph convolution simplifies to

XD = DA XY (4)

Here, ﬁl is the degree matrix associated with the motif-
induced adjacency matrix A,,. This formulation effectively
circumvents the high cost of explicitly constructing motif-
induced incidence matrices, while significantly reducing the
computational overhead of hypergraph-based operations. Dif-
ferent types of motif-induced hypergraph channels capture
diverse higher order semantic regulatory relationships among
genes. However, since the importance of each motif varies in
upstream and downstream regulation, we introduce a semantic-
level attention mechanism to adaptively aggregate information
from multiple motif channels. This allows the generation
of more expressive higher order gene representations. The
attention computation is defined as follows, where a € RY
and W, € R4*? are trainable parameters and X%Zhl e)r denotes
the final higher order gene embeddings:

_ Gin) . exp(aTW, Xe)
a, = f‘:m (Xt ) - Z,]i)l exXp (aTerxiH—l))

_ > (axi). s)

t=1

(+D
higher

Meanwhile, many genes participate predominantly in sim-
ple pairwise regulatory interactions, which are not explicitly
captured by motif-induced hypergraphs. This limitation may
lead to the omission of essential regulatory information. To
allay such deficiencies, we introduce an additional graph con-
volutional channel to model explicit pairwise dependencies,
thereby complementing the higher order features. The final
gene embeddings, which integrate both graph convolution and
multichannel aggregation, are defined as follows:

X{/, = ReLU (D™#8D*X)

binary binary

WO+ b?)
+ XD (6)

I+ _ (I+1)
X - /l]X binary*

Trans higher

Let S = S + I denote the binary regulatory adjacency matrix
with self-loops, where I is the identity matrix, and let D be its
corresponding degree matrix. The symmetrically normalized
matrix S = D~'/28D~"/2 is employed for graph convolution.
Here, X;fi),my denotes the input embedding, while X;i;’;r)\ is the
updated pairwise regulatory representation obtained via the
(I+ 1)th GCN layer, with learnable weights W and bias b®.
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Fig. 4. Cross-view self-supervised contrastive learning.

The activation function ReLU(:) introduces nonlinearity. The
final gene embedding X(TZ:;L)5 combines higher order semantic
features and explicit pairwise interactions, weighted by hyper-

parameters A; and A,, respectively.

D. Regulatory Association Prediction

To quantify regulatory strength, we compute the dot product
between gene embeddings, resulting in a score matrix R =
ReLU(X?Z}%(X#Ll&)T), where R(i, j) denotes the predicted
regulatory score between genes i and j, with higher values
indicating stronger associations. Given the original GRN adja-
cency matrix S and the reconstructed association matrix R, the
loss function for the downstream task is defined as

.. . 2
Lpri = (i,j)e‘giru‘l—’*q) (R(i.3) .S G ) + 0[O 7
where W+ and W~ are the sets of positive and negative train-
ing pairs, respectively; ®(-) denotes the mean squared error
(mse) loss between predicted scores and ground-truth labels;
¢ controls the ¢,-regularization strength; and ® represents the
trainable parameters of the Motif-GRN model.

E. Enhancing Motif-GRN via Cross-View Supervision

In our approach, the motif-induced hypergraph channel is
designed to capture implicit higher order regulatory seman-
tics, while the GCN-based channel models explicit pairwise
gene regulatory interactions. To exploit the potential synergy
between these two complementary perspectives, we propose
a cross-view self-supervised learning mechanism to enhance
gene representations. Specifically, we design a cross-view
contrastive learning module (as illustrated in Fig. 4), which
encourages consistency between representations derived from
the explicit and higher order regulatory views. We adopt
InfoNCE as the optimization objective to maximize cross-view
alignment. The corresponding loss function is defined as

exp (S (X;Jinan\' ’X;;igher )/T)
Ls = Z —log
€@ ZiG’=0 €Xp (S (X;?inury ’XZigher ) /T)

where,Xme and Xﬁﬁgher denote the explicit pairwise regula-
tory features and motif-induced higher order features of gene
i, respectively. The similarity function S(-,-) is instantiated
as cosine similarity, and 7 is a temperature hyperparameter
controlling the sharpness of the distribution. We treat the

representations of the same gene across two regulatory views

(®)
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as a positive pair, and those of different genes within the same
mini-batch as negative pairs. Following the contrastive learn-
ing paradigm, this objective leverages implicit supervision by
distinguishing positive from negative samples to enhance the
quality of gene embeddings. Finally, we jointly optimize the
primary objective and the auxiliary contrastive loss as

L= Epri +B£&sl- )

F. Inductive Motif-Aware Hypergraph Learning for
Generalizable GRN Inference

In recent years, supervised approaches for GRN infer-
ence have consistently outperformed unsupervised methods.
However, the scarcity of reliable regulatory interactions ren-
ders real-world GRNs highly sparse, severely hindering the
effectiveness of existing computational models in practical
settings. Spectral GNNs, bound to predefined Laplacians,
are transductive and cannot generalize to unseen structures.
In contrast, inductive graph representation learning leverages
learnable aggregation functions to capture local neighborhood
information, enabling adaptability to dynamic graphs and
cross-graph generalization. Therefore, we propose an induc-
tive motif-aware hypergraph learning framework that supports
GRN inference across multiple graphs. Specifically, we replace
the motif-aware hypergraph convolution operation, originally
defined in (4), with a learnable inductive propagation scheme
applied to the motif-induced adjacency matrix. By iterative
updates of the feature transformation function, the model
learns higher order semantic embeddings for genes. The update
rule is formally expressed as follows:

Xf' = f¢ (Xt’AMz)

where X, denotes the initial gene embedding matrix for the
rth channel and Ay, represents the motif-induced hypergraph
adjacency matrix corresponding to that channel. The symbol ¢
refers to the trainable parameters of the feature transformation
function, and X, denotes the resulting gene representations
obtained through inductive representation learning. The func-
tion f(-) computes attention weights over the neighborhoods of
gene nodes in the motif-induced hypergraph using a multihead
attention mechanism. These attention weights are then used to
aggregate higher order regulatory signals from each node’s
neighborhood, thereby enhancing the semantic representation
of regulatory patterns. The formal computation is defined as
follows:

(10)

_ exp(LeakyReLU (a" [WX}IWX{]))
@ = > en) €xp (LeakyReLU (a7 [WX][IWX{]))

X,=l ol Y o, WXt (11

k=1
ueN (v)
where W denotes the shared learnable weight matrix for
updating gene features, while X} and X! represent the input
embeddings of gene v and its neighbor u in the 7th channel,
respectively. The vector a is a trainable attention vector, N'(v)
denotes the higher order implicit regulatory neighbors of gene
v sharing the same motif structure, and || denotes the feature
concatenation operator. The multihead attention mechanism

adaptively aggregates neighborhood features and computes
the updated representation X, for each gene. After (I + 1)
layers of propagation, the final higher order representation
is obtained by aggregating gene features from ten motif-
induced views using the semantic attention mechanism defined
in (5), yielding le;je)r = ,121 a,Xg,lH), where «; denotes the
attention weight assigned to the rth motif-specific hypergraph
channel.

To effectively capture explicit pairwise regulatory relation-
ships within the inductive learning framework, we employ the
graph attention network (GAT) [60], a representative inductive
graph representation learning method that leverages self-
attention mechanisms to dynamically adjust the importance
of neighboring nodes and learn expressive feature represen-
tations. In contrast to methods relying on static adjacency
matrices, GAT offers superior generalization ability, enabling
the model to propagate and generate meaningful representa-
tions for previously unseen nodes or subgraph structures. This
capability substantially enhances the adaptability of the model
to new samples and cross-dataset scenarios.

Based on the aforementioned statements, we design a two-
layer GAT module, formally defined as

X} inary = GAT 0 (GAT 400 (X, S), S) (12)

where X denotes the input feature matrix, S is the adjacency
matrix representing explicit regulatory interactions, and ¢
and ¢® are the learnable parameters of the two GAT layers.

Algorithm 1 Motif-GRN Inference Method
1: Input: Feature matrix X, ground-truth network S
Output: Inferred gene regulatory network R
Compute statistically significant motifs in S
Construct motif-induced hypergraph G
Derive Ay, from Table I
if Transductive GRN inference, then
XY DAY X"
@; < fau(Xng))
Xigher < 210 @ X()
0. X« ReLU (D7#8DX()

binary bina
. (+1) (+1) (I+1)
11: X <—/11Xhigher+/lzx

Trans bina

122 R e ReLUXYTD (xU+DyTy

Trans\“*Trans

13: ACpri — Z([’j)g\{J‘FU\{J* @(R(i, ])» S(l5 ])) + 5”6”%

exp(S (X, Xhyigher /)
14: ] — R — 10 inary> " hig ﬂ,r
ﬁssl ZzeG g Zf’;:() xp(S Xy Xhrigher)/ )

15: L« ,Cpr,' + BLss

16: else

17: /* Inductive GRN inference */
18: Xy — fo(Xi, Ap)

I R DT vl

R AR e

W4 150)

higher
20: Xl inary < GAT 40 (GAT40 (X, S), S)
o X X+ X,
22: R e ReLUXIED(XEED)T)
23: Repeat steps 13—15 until convergence

24: end if
25: return R
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By aggregating the explicit pairwise regulatory representa-
tion X;. and the higher order implicit feature representation

binary
XD \we obtain the final gene representation under the

higher

inductive framework as Xyn';l) = ﬂlX;ifézjzr, + AzX;inury' Sub-
sequently, the regulatory interaction score matrix is computed
by performing an inner product on the TF and target gene
representations followed by a ReLU activation, i.e., R =
ReLU(XynZDX(IZnZ”T). It is worth noting that although the
multichannel graph encoders under the inductive and trans-
ductive paradigms differ in network structure and optimization
schemes, they share the same optimization objectives for both
the main gene regulation inference task and the auxiliary self-
supervised learning task. Detailed formulations are provided
in (7)—(9) and are omitted here for brevity. The Motif-GRN
framework is summarized in Algorithm 1.

IV. EXPERIMENTS
A. Datasets and Data Preprocessing

To assess the performance of Motif-GRN in inferring
GRNSs, we utilize seven single-cell RNA sequencing (scRNA-
seq) datasets from both mouse and human sources. These
include mouse dendritic cells (mDCs), embryonic stem
cells (mESCs), and hematopoietic stem cells from ery-
throid (mHSC-E), granulocyte-monocyte (mHSC-GM), and
lymphoid-like (mHSC-L) lineages, as well as human embry-
onic stem cells (hESCs) and mature hepatocytes (hHEP).
Following the recommendation in [49], we select TFs with
adjusted variance p-value below 0.01, along with the top
500 and 1000 most differentially expressed genes in each
dataset. Each scRNA-seq dataset is evaluated against three
types of ground-truth regulatory networks: 1) nonspecific
ChIP-seq [50]; 2) cell-type-specific ChIP-seq [51]; and 3)
STRING functional associations [52]. Detailed statistics for
these networks are provided in Supplementary Material, Tables
S22-S24. The implemented code of Motif-GRN used in this
study is available at https://anonymous.4open.science/r/Motif-
GRN-BS3E

B. Experimental Setting

We evaluate Motif-GRN on seven benchmark scRNA-seq
datasets using three widely recognized ground-truth GRNs:
STRING, Nonspecific ChIP-seq, and Cell-type-specific ChIP-
seq. To fairly assess generalization under heterogeneous
network densities, we adopt a tailored data partitioning strat-
egy.

For the STRING and Nonspecific ChIP-seq networks, two-
thirds of known TF-gene pairs are randomly assigned as
positive training samples, with the remaining third reserved for
testing. All unlabeled TF—gene pairs are treated as candidate
negatives. Since the negatives vastly outnumber the positives,
we perform uniform random sampling with additional con-
straints to ensure balanced and fair evaluation. Specifically,
during training, each positive-negative pair shares the same
TF to maintain regulatory context consistency. During testing,
the positive-to-negative ratio is controlled according to the

following formula:
Positive  Network Density (13)
Negative ~ 1 — Network Density
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where Positive and Negative denote the number of positive
and negative samples in the test set, respectively, and Network
Density refers to the edge density of the ground-truth GRN.
The density values for each dataset are summarized in Sup-
plementary Material, Tables S22-S24.

For the cell-type-specific ground-truth networks, due to the
relatively small number of active TFs and the high connectivity
of these TF nodes, we partition the target (positive) and
nontarget (negative) genes into training and testing subsets
using a proportional sampling strategy. During training, the
Adam optimizer is employed to update the model param-
eters until convergence. Considering the inherent imbalance
between positive and negative samples, we adopt two widely
used evaluation metrics, the area under the receiver oper-
ating characteristic curve (AUROC) and the area under the
precision—recall curve (AUPRC) to comprehensively assess the
model’s predictive performance.

C. Baseline Methods

Motif-GRN is compared with seven representative super-
vised and unsupervised methods. All baselines are run with
default hyperparameters, and supervised models are trained
and tested using the same data splits for fairness. The baseline
methods are summarized as follows.

1) GENIE3 [9] treats GRN inference as a feature selection
problem, using random forests or gradient boosting to
extract regulatory relationships from gene expression
data.

2) GENELink [16] integrates prior regulatory evidence
with expression profiles and refines gene representations
via a GAT, showing strong performance on scRNA-seq
data.

3) GNNLink [28] extends GENELink by preprocessing raw
scRNA-seq data to enhance regulatory signals, formu-
lating GRN inference as link prediction, and employing
GCNs to capture gene dependencies.

4) GRANet [30] is a recent GNN-based method for GRN
inference from gene expression data, which models reg-
ulatory dependencies via graph representation learning
and achieves strong performance on multiple benchmark
datasets.

5) GATCL [55] is a graph attention-based approach for
GRN inference from single-cell RNA-seq data, leverag-
ing attention mechanisms to aggregate regulatory signals
and serving as a competitive recent baseline for GRN
reconstruction.

6) GNE [56] leverages deep learning to fuse gene expres-
sion and interaction networks, learning low-dimensional
gene embeddings for improved interaction prediction.

7) DeepSEM [57] is a deep generative model based on
structural equation modeling that captures gene regu-
latory dependencies through neural network constraints.

8) GRN-Transformer [58] uses axial Transformers in a
weakly supervised framework to infer cell-type-specific
GRNS by integrating bulk and single-cell RNA-seq data.

9) DeepDRIM [59] converts joint gene expression into 2-
D histograms and incorporates neighborhood context,
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TABLE I
AUROC SCORES OF DIFFERENT METHODS ON VARIOUS DATASETS UNDER TFs+ 500 AND TFS+ 1000 SETTINGS

Datasets Cell Type TFs+500 | TFs+1000
Motif-GRN  GRANet GATCL GNNLink GENELink GNE DeepSEM p 8% DecpDRIM  GENIE3 ‘ MotifGRN GRANet GATCL GNNLink GENELink GNE DeepSEM o ORN-  DecpDRIM  GENIE3
hESC 0.95 0.90 0.90 092 0.88 073 060 0.62 0.61 034 0.94 092 091 091 0.88 075 063 061 0.58 0.64
hHEP 0.93 092 091 0.89 087 073 061 0.61 0.52 0.54 0.93 092 092 0.88 0.90 075 061 058 047 0.63
mDC 0.94 092 0.90 0.92 0.88 076 057 0.61 0.57 0.50 0.95 092 090 091 0.88 078 057 043 047 0.60
STRING mESC 0.94 093 0.92 091 0.88 076 060 0.60 0.58 0.50 0.95 093 092 0.90 0.88 079 060 0.56 0.64 0.61
mHSC-E 0.94 0.89 092 091 0.89 063 068 0.66 0.42 052 0.94 0.90 091 0.90 0.89 065 065 061 0.60 0.70
mHSC-GM ~ 0.94 0.87 0.89 092 0.87 069 072 0.64 0.58 0.53 0.93 0.87 0.88 091 0.82 069 069 058 0.61 0.75
mHSC-L 0.89 082 0.79 083 0.75 072 067 0.63 0.64 0.52 0.90 0.82 074 086 0.72 071 068 072 0.76 0.71
hESC 0.87 0.72 075 080 0.69 063 053 047 048 0.45 0.90 075 0.77 081 0.69 063 053 0.61 0.58 0.45
hHEP 0.88 0.74 0.76 083 0.70 063 054 0.48 0.45 045 0.90 0.83 082 084 0.71 062 055 0.58 045 045
~mDC 0.87 085 086 0.86 0.80 067 057 0.52 0.58 0.55 0.89 0.85 086 0.86 0.79 067 056 045 045 0.52
Ng‘;ﬁ?z‘;‘” mESC 0.86 0.80 0.81 084 0.75 0.67 0.56 0.58 0.59 0.56 0.88 0.82 083 086 0.76 069 056 0.56 063 0.56
mHSC-E 0.87 0.74 0.78 084 0.76 056 061 0.59 0.54 0.64 0.89 0.78 082 083 0.76 056 059 061 0.60 0.63
mHSC-GM 0.89 0.79 077 080 0.70 060 065 0.61 075 0.71 0.92 0.80 031 085 0.73 062 061 058 061 0.70
mHSC-L 0.85 0.64 0.57 071 0.66 060 059 0.65 0.61 0.65 0.84 078 0.73 0.76 0.60 059 060 072 0.75 0.65
hESC 0.86 085 086 0.83 0.83 067 058 0.51 0.48 049 0.87 086 0386 0.84 0.84 068 058 067 0.56 045
hHEP 0.88 087 0.85 0.82 0.83 080 055 0.48 052 0.54 0.89 088 0.86 0.82 0.83 081 055 0.57 0.63 0.54
Celltype- ~ mDC 0.74 073 074 0.66 0.68 052 051 0.48 0.48 049 0.77 075 075 0.72 0.73 052 051 045 045 0.52
specific mESC 0.93 090 0.89 0.82 0.88 0.81 0.50 0.53 0.51 0.50 0.94 094 090 0.82 0.86 082 050 059 062 0.46
ChlPseq  mpsc-E 0.90 087 0.84 0.80 0.86 082 051 0.64 0.56 052 092 090 089 0.82 0.90 084 051 053 046 0.50
mHSC-GM 091 090 0.89 0.86 0.89 083 053 0.49 0.64 053 0.93 092 084 0.86 0.90 084 053 058 0.66 0.51
mHSC-L 0.87 084 0.83 0.83 0.82 077 054 0.64 0.58 052 0.88 086 083 0.84 0.84 077 054 042 057 0.52
The best resulis arc highlighted in bold, and the sccond-best results arc underlined.
TABLE IIT

AUPRC SCORES OF DIFFERENT METHODS ON VARIOUS DATASETS UNDER TFs+ 500 AND TFS+ 1000 SETTINGS

Datasets Cell Type TFs+500 | TFs+1000
Motif-GRN GRANet GATCL GNNLink GENELink GNE DeepSEM 1 RN DecpbRIM - GENIES ‘ Motif-GRN  GRANet GATCL GNNLink GENELink GNE DeepSEM % DeepDRIM ~ GENIE3
hESC 040 035 0.30 043 0.16 005 005 0.03 0.04 0.04 0.40 032 030 0.30 0.13 005 005 003 0.05 0.03
hHEP 036 037 027 0.28 021 005 005 0.06 0.05 0.06 0.34 0.30 031 0.26 023 005 005 0.06 0.03 0.02
mDC 0.50 043 031 042 029 009 007 0.04 0.04 005 0.49 042 025 0.41 0.28 009 007 0.04 005 0.06
STRING mESC 0.37 034 0.28 027 0.15 005 005 0.04 0.05 0.04 0.40 039 026 025 0.13 005 005 0.04 005 0.02
mHSC-E 040 037 0.37 0.36 023 004 016 0.12 0.09 012 0.47 0.38 039 0.36 0.18 004 016 012 013 0.12
mHSC-GM  0.59 042 0.39 050 022 007 028 027 0.26 027 0.52 0.39 043 0.38 0.14 007 028 027 026 0.25
mHSC-L 0.63 035 0.34 056 023 009 032 029 0.32 033 0.57 0.35 033 056 0.24 009 032 029 030 0.32
hESC 015 0.06 0.05 009 0.04 002 002 0.02 0.02 0.02 0.15 0067 010 0.08 0.04 002 002 0.02 0.02 0.01
hHEP 015 0.08 0.08 010 0.05 002 002 0.01 0.02 0.02 018 013 0079 0.11 0.05 002 002 001 0.02 0.01
~ mDC 023 022 0.19 021 017 003 004 0.02 0.02 0.02 0.23 022 018 021 0.12 002 003 002 0.03 0.02
Nz‘;];gi::‘” mESC 013 013 0097 0.11 0.04 002 002 0.02 0.02 0.02 0.14 ol 0073 0.12 0.04 002 002 002 0.02 0.02
mHSC-E 020 0.21 0.19 0.19 0.10 003 008 0.05 0.05 0.06 022 0.16 026 0.17 0.1 002 007 005 0.06 0.05
mHSC-GM  0.28 022 024 021 0.16 004 0.2 0.12 0.12 012 0.35 023 025 027 0.24 004 011 012 015 0.12
mHSC-L 0.28 012 0.14 020 013 006 0.13 0.1 0.09 013 019 018 017 0.19 0.10 005 013 0.14 013 0.12
hESC 0.53 0.58 056 049 048 034 019 0.15 0.13 015 055 0.60 057 0.50 0.52 034 019 016 019 0.15
hHEP 078 0.81 0.72 0.67 0.68 065 040 0.35 0.39 0.39 077 0.81 0.73 0.66 0.69 066 041 0.53 0.46 0.38
Celltype-  mDC 013 0.12 0.11 013 0.10 006 005 0.06 0.06 0.05 0.17 0.13 012 014 0.1 005 005 005 0.06 0.05
specific mESC 075 0.82 074 0.62 0.73 064 031 0.49 0.46 031 075 0.86 072 0.60 0.70 065 031 051 046 031
ChiPseq  mpsC-E 0.91 085 0.81 0.80 088 080 056 071 0.76 0.56 0.92 091 0386 0.80 091 081 056 0.69 073 0.54
mHSC-GM 091 090 0.86 0.83 0.90 078 052 0.66 0.64 053 0.93 092 084 0.85 091 081 054 061 0.64 0.53
mHSC-L 0.85 082 0.81 0.79 0.80 070 053 0.64 0.59 0.50 0.85 083 0.80 0.79 0.82 068 052 0.52 0.48 0.48

The best results are highlighted in bold, and the second-best results are underlined.

combining local and global features to
latory interaction prediction.

improve regu-

D. Performance on Benchmark Datasets

We evaluate the performance of Motif-GRN on seven
scRNA-seq benchmark datasets under three widely used
ground-truth regulatory networks, including STRING, Non-
specific ChIP-seq, and Cell-type-specific ChIP-seq. AUROC
and AUPRC are adopted as the primary evaluation metrics, and
comparisons are conducted against nine representative baseline
methods, including two recently proposed graph-based GRN
inference approaches, GRANet and GATCL.

As reported in Table II, Motif-GRN consistently achieves
the best AUROC performance across almost all datasets and
experimental settings, as indicated by the boldface entries.
Importantly, in the few cases where Motif-GRN is not ranked
first, it is consistently identified as the second-best method,
highlighted by underlined results, and no baseline method
demonstrates a clear performance advantage over Motif-GRN.
This pattern holds across all three ground-truth regulatory
networks, including STRING, Nonspecific ChIP-seq, and

Cell-type-specific ChIP-seq, demonstrating the stability and
robustness of Motif-GRN under diverse regulatory contexts.
Notably, even when compared with strong recent baselines
such as GRANet and GATCL, Motif-GRN maintains a con-
sistently top-ranked position, reflecting its superior capability
in capturing global regulatory relationships.

Given the severe class imbalance and sparsity inherent in
GRNs, AUROC alone may not fully reflect model performance
under highly skewed label distributions. We therefore further
report AUPRC results in Table IIT as a complementary evalu-
ation metric, where the best and second-best performances are
also explicitly indicated. As shown, Motif-GRN is predomi-
nantly ranked first in terms of AUPRC across all benchmark
datasets and remains consistently within the top two methods
in all remaining cases. Under the STRING and Nonspe-
cific ChlIP-seq settings, Motif-GRN exhibits clear advantages
over competitive baselines, including GRANet, GATCL, and
GNNLink. Moreover, under the Cell-type-specific ChIP-
seq ground-truth networks, Motif-GRN demonstrates stable
precision—recall performance across diverse cell types, further
confirming its effectiveness in reconstructing highly sparse and
cell-type-dependent regulatory structures.
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TABLE IV

AUPRC OF GENIE3 AND DEEPSEM FOR GRN INFERENCE USING
SIGNIFICANTLY ALTERED TFS AND THE ToP 500 (LEFT)
AND 1000 (RIGHT) EXPRESSED GENES PER DATASET

Cell types STRING Non-Specific Cell-type-Specific
GENIE3 DeepSEM GENIE3 DeepSEM GENIE3 DeepSEM
mHSC-L 0.52 (0.71) 0.67 (0.68) 0.65 (0.65) 0.59 (0.65) 0.52 (0.52) 0.54 (0.54)
mHSC-GM 0.53 (0.75) 0.72 (0.69) 0.71 (0.77) 0.65 (0.61) 0.53 (0.51) 0.53 (0.53)
mHSC-E 0.52 (0.71) 0.68 (0.65) 0.64 (0.63) 0.61 (0.59) 0.52 (0.52) 0.51 (0.51)
mESC 0.60 (0.66) 0.66 (0.70) 0.65 (0.60) 0.66 (0.56) 0.50 (0.46) 0.50 (0.50)
mDC 0.50 (0.60) 0.57 (0.57) 0.55 (0.52) 0.57 (0.56) 0.49 (0.52) 0.51 (0.51)
hHEP 0.54 (0.63) 0.61 (0.61) 0.45 (0.45) 0.54 (0.55) 0.54 (0.54) 0.55 (0.55)
hESC 0.34 (0.64) 0.60 (0.63) 0.45 (0.45) 0.53 (0.53) 0.49 (0.45) 0.58 (0.58)
TABLE V

AUPRC oF GENIE3 AND DEEPSEM FOR GRN INFERENCE USING
SIGNIFICANTLY ALTERED TFS AND THE ToP 500 (LEFT)
AND 1000 (RIGHT) EXPRESSED GENES PER DATASET

Cell types STRING Non-Specific Cell-type-Specific
GENIE3 DeepSEM GENIE3 DeepSEM GENIE3 DeepSEM
mHSC-1 0.33 (0.04) 0.32 (0.32) 0.13 (0.12) 0.13 (0.13) 0.50 (0.48) 0.53 (0.52)
mHSC-GM 0.27 (0.25) 0.26 (0.28) 0.12 (0.12) 0.11 (0.12) 0.52 (0.54) 0.52 (0.54)
mHSC-E 0.12 (0.12) 0.09 (0.16) 0.08 (0.07) 0.09 (0.09) 0.54 (0.62) 0.56 (0.56)
mESC 0.04 (0.02) 0.09 (0.05) 0.10 (0.02) 0.02 (0.02) 0.31 (0.31) 0.31 (0.31)
mDC 0.05 (0.06) 0.04 (0.07) 0.05 (0.04) 0.05 (0.05) 0.35 (0.05) 0.35 (0.05)
hHEP 0.06 (0.02) 0.05 (0.02) 0.05 (0.02) 0.05 (0.03) 0.39 (0.36) 0.40 (0.41)
hESC 0.04 (0.03) 0.04 (0.05) 0.02 (0.01) 0.02 (0.02) 0.15 (0.15) 0.19 (0.19)

Overall, the consistently top-ranked performance of Motif-
GRN across both AUROC and AUPRC metrics demonstrates
its robustness and reliability across heterogeneous datasets,
highlighting the effectiveness of motif-aware modeling in
capturing higher order regulatory patterns.

E. Evaluating the Inductive Learning Capabilities of
Motif-GRN

Building upon Motif-GRN, we further design and imple-
ment a motif-aware hypergraph encoder that supports inductive
learning, aiming to enhance the model’s generalization ability
across datasets and species. To systematically evaluate its
inductive inference performance, we conduct cross-dataset
experiments on multiple scRNA-seq datasets that shared
ground-truth regulatory networks. Specifically, we select one
dataset for training and evaluate the model on all related
datasets, including the training one, to assess its adaptabil-
ity to unseen data. AUROC and AUPRC are used as the
primary evaluation metrics, and comprehensive assessments
are performed under ground-truth networks constructed from
STRING and cell-type-specific ChIP-seq data.

To further validate the model’s performance, we compare
Motif-GRN with the classical unsupervised method GENIE3
[56] and a recent representative method DeepSEM [52]. All
methods are evaluated under identical data configurations
to ensure fair comparison. The performance of the baseline
methods is summarized in Tables IV and V, while the results
of Motif-GRN are presented in Supplementary Material, Figs.
S3-S10. Together, they form a complete evaluation framework.
The results show that Motif-GRN consistently outperforms the
competing methods across multiple datasets under the same
ground-truth networks, demonstrating its stable and superior
inductive inference capability.

Furthermore, to assess the model’s inductive capability in
cross-species scenarios, we select the STRING TF+ 1000
genes dataset (including mESC and hHEP), which has shown
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strong performance in prior experiments, as the training set for
parameter optimization. Subsequently, we conduct comprehen-
sive evaluations on all relevant sScRNA-seq datasets using the
ground-truth network constructed from nonspecific ChIP-seq
data and repeat the inductive experiments within this network
to enable direct comparison. As illustrated in Fig. 5, the model
trained on the STRING TF+ 1000 genes dataset consistently
achieves top performance across most experimental settings
and maintains high stability across datasets. These results
suggest that Motif-GRN effectively leverages training data
enriched with prior regulatory knowledge and generalizes
well to inference tasks in sparse or heterogeneous conditions,
thereby enabling robust inductive gene regulatory inference
across datasets and species.

F. Ablation Analysis of Multichannel Graph Coding Layers

In order to evaluate the contribution of each core component
in the multichannel encoder of Motif-GRN, we construct two
simplified variants for ablation experiments. The first vari-
ant, Motif-GRNgyper, retains only the motif-aware hypergraph
convolution encoder and removes the base graph convolution
encoder. The second variant, Motif-GRNg,s, keeps only the
base graph convolution encoder while excluding the motif-
aware hypergraph component. These variants are evaluated
across multiple scRNA-seq datasets with three types of
ground-truth networks: STRING, Nonspecific ChIP sequenc-
ing, and Cell-type-specific ChIP sequencing. The results on
the STRING and Nonspecific ChIP sequencing datasets are
presented in Fig. 6 and 7, respectively, while the results for
Cell-type-specific ChIP sequencing are provided in Supple-
mentary Material, Fig. S11. All ablation results are reported
as the mean =+ standard deviation over five independent runs,
and statistical significance is assessed using paired tests.

The experimental results (see Fig. 6 and 7) demonstrate
that Motif-GRN, which integrates both the base graph con-
volution encoder and the motif-aware hypergraph encoder,
consistently achieves superior predictive performance across
all evaluated datasets. This confirms the effectiveness of jointly
modeling both pairwise regulatory dependencies and higher
order semantic regulatory patterns. Moreover, Fig. 6 shows
that Motif-GRNyyper, Which employs only the motif-aware
hypergraph encoder, generally outperforms Motif-GRNp, in
inferring regulatory interactions, highlighting the importance
of higher order motif structures. However, the results in Fig. 7
indicate that in certain datasets, the base graph convolution
encoder contributes more significantly. This may be attributed
to a lower prevalence of higher order regulatory motifs in
these datasets, which limits the representational capacity of
the hypergraph encoder when used in isolation. These findings
further support the necessity of incorporating the base encoder
to effectively capture direct pairwise regulatory relationships.

G. Ablation Analysis of the Effectiveness of Self-Supervised
Learning
To evaluate the effectiveness of the self-supervised auxiliary

task in Motif-GRN, we conduct ablation experiments on the
STRING dataset using AUROC and AUPRC as evaluation
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runs. Statistical significance between the full model and each ablated variant

is assessed using paired statistical tests, with significance levels denoted as

follows: *** indicates p < 1 x 1073, ** indicates p < 1 x 1072, and * indicates p <5 x 1072,

metrics (see Fig. 8). Motif-GRN integrates self-supervised
learning signals from both the motif-induced hypergraph view
and the standard graph view, and employs a joint optimiza-
tion strategy to enhance overall performance. In contrast,
the ablated variant Motif-GRN* removes the cross-view con-
trastive learning component, directly aggregating higher order
cooperative regulatory features from the motif-induced hyper-
graph and pairwise features from the base graph encoder for
downstream GRN inference.

Experimental results show that incorporating self-supervised
learning consistently improves prediction performance across
all datasets, demonstrating the effectiveness of contrastive
learning for GRN reconstruction. In particular, the cross-view
contrastive task facilitates information exchange between the
relatively independent higher order and pairwise views, reveal-
ing latent regulatory correlations. By maximizing the mutual

information across these views, the model learns more expres-
sive gene representations that capture both local and global
regulatory patterns, thereby improving inference accuracy.
Results on the Cell-type-specific ChIP-seq and Nonspecific
ChIP-seq datasets are provided in Supplementary Material,
Figs. S12 and S13.

H. Hyperparameter Sensitivity Analysis

To further evaluate the robustness of Motif-GRN with
respect to key hyperparameters, we conduct a sensitivity anal-
ysis focusing on parameters that have a direct and interpretable
impact on model behavior, including the network depth and
the temperature parameter 7 used in cross-view contrastive
learning. All sensitivity experiments are conducted on the
cell-type-specific ChIP-seq dataset with TF+500 genes, which
serves as a representative benchmark in our study.
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1) Effect of Network Depth: We first investigate the influ-
ence of the number of encoder layers on model performance.
Specifically, we vary the depth of the hypergraph and graph
encoders from one to five layers while keeping other settings
fixed. As shown in Fig. 9(a), increasing the network depth
from one to two layers leads to a clear improvement in both
AUROC and AUPRC across different cell types. When the
depth is further increased beyond two or three layers, the
performance tends to saturate or gradually degrade, which is
consistent with common observations in graph-based models
due to over-smoothing and optimization instability. Based on

this analysis, we set the network depth to two layers in
all experiments, which provides a favorable balance between
model expressiveness, stability, and computational efficiency.

2) Effect of Temperature Parameter T: We further analyze
the sensitivity of Motif-GRN to the temperature parameter
7 in the cross-view contrastive learning objective. Fig. 9(b)
illustrates the performance variation under different 7 values.
The results indicate that Motif-GRN maintains relatively stable
AUROC and AUPRC performance over a broad range of 7,
suggesting that the proposed cross-view supervision mecha-
nism is robust to temperature selection. Rather than selecting
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7 based on a single peak value, we choose 7 = 0.7 as a
representative setting within this stable region, which con-
sistently yields reliable performance across different datasets
and cell types. Performance degradation is only observed
when 7 becomes extremely small or large, which aligns with
established findings in contrastive learning literature.

Overall, these analyses demonstrate that Motif-GRN
exhibits good robustness to key hyperparameters and that the
default configurations adopted in our experiments lie within
stable and well-performing regions, supporting the reliability
and practical applicability of the proposed framework.

V. DISCUSSION AND CONCLUSION

To explore transcriptional regulatory mechanisms,
researchers commonly infer regulatory relationships from
gene expression profiles. With the accumulation of prior
gene association knowledge, graph-based supervised deep
learning approaches have achieved substantial progress in
predicting regulatory interactions. However, transcriptional
regulation is inherently a complex, multigene cooperative
process, and most studies emphasize pairwise relationships
between TFs and target genes, overlooking the higher
order regulatory patterns pervasive in biological systems,
thereby limiting a comprehensive understanding of GRNSs. In
response, we propose Motif-GRN, a motif-driven hypergraph
learning framework for GRN reconstruction. Motif-GRN
constructs a multichannel hypergraph from statistically
significant three-node motifs, integrates higher order and
pairwise regulatory information through a motif-aware
hypergraph convolution and a graph convolutional network,
and employs cross-view contrastive learning to enhance
representation capability. Although higher order motifs
with larger sizes (e.g., four-node motifs) may encode
more complex regulatory patterns, our systematic statistical
analysis demonstrates that most four-node motifs lack stable
and consistent enrichment across datasets, which limits their
suitability as general-purpose higher order modeling units
under the current setting. An inductive extension further
enables cross-species and cross-dataset inference, alleviating
the challenge of limited prior gene association knowledge
in many organisms. Extensive experiments on real-world

datasets demonstrate that Motif-GRN effectively captures
rich higher order semantic regulatory features and achieves
superior performance in both transductive and inductive GRN
inference. Despite these promising results, opportunities
remain for improvement. While higher order motifs beyond
three nodes may be functionally relevant in specific biological
contexts, their strong dataset dependence and limited statistical
robustness pose challenges for unified modeling, motivating
future exploration under more scalable and context-aware
frameworks. Future work may integrate multiomics fusion
with higher order GNNs to capture complex cross-modal
interactions and combine them with dynamic causal inference
to better model the temporal evolution of GRNS.
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