
Neural Processing Letters          (2024) 56:231 
https://doi.org/10.1007/s11063-024-11645-6

Distance Enhanced Hypergraph Learning for Dynamic Node
Classification

Dengfeng Liu1 · Zhiqiang Pan1 · Shengze Hu2 · Fei Cai1

Accepted: 8 May 2024
© The Author(s) 2024

Abstract
Dynamic node classification aims to predict the labels of nodes in the dynamic networks.
Existing methods primarily utilize the graph neural networks to acquire the node features and
original graph structure features. However, these approaches ignore the high-order relation-
ships between nodes and may lead to the over-smoothing issue. To address these issues, we
propose a distance enhanced hypergraph learning (DEHL) method for dynamic node clas-
sification. Specifically, we first propose a time-adaptive pre-training component to generate
the time-aware representations of each node. Then we utilize a dual-channel convolution
module to construct the local and global hypergraphs which contain the corresponding local
and global high-order relationships. Moreover, we adopt the K-nearest neighbor algorithm
to construct the global hypergraph in the embedding space. After that, we adopt the node
convolution and hyperedge convolution to aggregate the features of neighbors on the hyper-
graphs to the target node. Finally, we combine the temporal representations and the distance
enhanced representations of the target node to predict its label. In addition, we conduct
extensive experiments on two public dynamic graph datasets, i.e., Wikipedia and Reddit.
The experimental results show that DEHL outperforms the state-of-the-art baselines in terms
of AUC.
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1 Introduction

Graph network is an effective way for representing the elements and their corresponding
interactions [1, 2]. Besides the static networks, the time-varying dynamic graphs exist in
many realistic fields, where the nodes and edges are continuously added or deleted [3, 4]. For
instance, as shown in Fig. 1, taking T15 and T16 into comparison, new nodes like v16 and edges
like v3,10 may appear, and the existing nodes such as v15 and edges like v0,13 may disappear.
Dynamic node classification aims to assign a label to each node in the evolving temporal
networks [5], where the node label may constantly change due to the graph evolution. For
example in Fig. 1, with the network evolving from T15 to T16, the label of node v0 changes.

Existing graph neural networks (GNNs) based methods for dynamic node classification
mainly focus on sampling the recent neighbors [6, 7] or randomly sampling the neighbors [8,
9] from the existing graph structures. Then, the node/edge attribute features and time features
are combined for information aggregation, finally generating the representation of the target
node, which is then applied to the downstream node classification task [7, 10]. However,
the current methods mainly focus on mining the local node features and graph structure
information, which is difficult to capture the high-order relationships between nodes [11,
12]. Moreover, the deep neural networks may lead to the over-smoothing problem [13–
15], making the learnt representations of the adjacent nodes highly similar, which cannot be
accurately distinguished for making predictions.

To tackle the above issues, we propose a distance enhanced hypergraph learning (DEHL)
approach for dynamic node classification. Specifically, we first design a time-adaptive pre-
trainingmodule, inwhichwe employ a temporal graph attention layer to pre-train the network
for acquiring the dynamic temporal representations of each node. Subsequently, we propose
a dual-channel convolution module: (1) On the one hand, the neighboring nodes connected
to the target node are first sampled in the given graph structure for constructing the local
hypergraph structure. (2) On the other hand, we employ the K-nearest neighbor (KNN)
algorithm tomeasure the distance between the target node and its neighbors in the pre-training
embedding space for constructing the global hypergraph structure. Then, the features of each
node in the local and global hypergraphs are aggregated through the node convolution to
obtain the local and global hyperedge representations, respectively, where the global ones can
help avoid the over-smoothingproblembydecreasing the similarity betweennodes in the local
graph structure. After that, We adopt the hyperedge convolution and the attention mechanism
to aggregate the above local and global hyperedge representations to the target node for
obtaining the distance enhanced representations. Finally, the time-adaptive representations
and the distance enhanced representations are concatenated and inputted into a multi-layer
perceptron to output the final predictive score, i.e., the probability of the target node label.
To evaluate the proposed DEHL approach, we carry out comprehensive experiments on
two public temporal network datasets, i.e., Wikipedia and Reddit. The experimental results
demonstrate that our proposal outperforms the state-of-the-art baselines in terms of AUC.
Generally, our contributions in this paper can be summarized as follows:

1. We propose a distance enhanced hypergraph learning (DEHL) method for dynamic node
classification on temporal networks, which considers both the local and global high-order
relationships between the pre-trained dynamic node features.

2. We exploit the high-order node relationships in the global hypergraph structures con-
structed by the KNN algorithm, which mitigates the over-smoothing issue by introducing
the neighboring nodes out of the local graph structure.
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Fig. 1 A temporal network snapshot example, where the number in each circle represents the ID of the node,
and the color of the circle represents the category of the node

3. We conduct experiments on two public temporal network datasets and observe the per-
formance improvements of DEHL against the state-of-the-art baselines in terms of AUC.

2 RelatedWork

In this section, we briefly review the previous works from two angles, i.e., the graph-based
deep learning and the hypergraph learning.

2.1 Graph-Based Deep Learning

Graph neural network is an emerging key technology to deal with the graph structure data.
For example, the graph convolutional network (GCN) [16] implements the first graph con-
volutional neural network by mapping the time-domain feature matrix of a graph to the
frequency domain and introducing the graph convolution. Moreover, GraphSAGE [17] is a
spatially based graph convolution approach that samples the neighboring nodes in a multi-
hop manner for aggregation to generate the representations of the target nodes. Furthermore,
Velickovic et al. [18] introduce an attention mechanism to determine the importance of each
neighbor to the target node by assigning different attention weights. In addition, the gated
graph neural network (GGNN) incorporates the gated recurrent units (GRUs) to accumulate
and propagate information across multiple neighborhood hops [19]. Furthermore, the dimen-
sionwise separable 2D graph convolutional (DSGC) approach concurrently captures both the
inter-node relationships and the relationships between the node attribute dimensions [20].

In addition to the above graph-based deep learning approaches designed for the static
graphs, the methods considering both the graph structure and the time dynamics on temporal
networks are also investigated. For example, Zhu et al. [21] propose to extend the static
graph models on the dynamic graphs by adding the regularization, and learn the temporal
latent space via the non-negative matrix factorization. Moreover, Dyngraph2vec [22] adopt
the recurrent layers to capture the temporal information and utilize the nonlinear layers
to consider the graph structure information, respectively. Furthermore, EvolveGCN [23]
combines the recurrent neural network and GCN to evolve the GCN parameters so as to
extract the temporal information effectively.

In addition to the aforementioned methods obtaining the node representations at each
timestamp, focusing on the node representation connections between different timestamps

123



  231 Page 4 of 18 D. Liu et al.

provides another idea of the temporal information learning [24–26]. For instance, Trivedi
et al. [27] design a representation learning framework for dynamic graphs (DyREP) which
contains a dual time scale deep temporal point process model to capture the interleaved
dynamics underlying the observed processes. In addition, Xu et al. [28] design a temporal
encoding function based on the Bochner’s theorem [29] and capture the graph structure
information by the temporal graph attention layer.

Although the graph-based deep learning techniques have achieved impressive ability in
acquiring the node representations, they usually merely focus on the existing graph structure,
which limits the ability of accurately classifying nodes. This is due to that the GNNs fail
to consider both the higher-order local and global relationships, leading to incorrect classi-
fications. Furthermore, the GNN based approaches usually suffer from the over-smoothing
problem, where the high similarities between the node representations may result in inaccu-
rate node classifications.

2.2 Hypergraph Learning

Traditional graph-based deep learning methods are often applied to model the pair-wise
relationships in graph-structured data [30]. In addition, to uncover the high-order node rela-
tionships, hypergraphs are utilized to extract the comprehensive feature and achieve enhanced
learning of graph representations, which have been extensively applied in various research
domains such as recommender systems [31, 32], computer vision tasks [33–35], etc.

Hypergraph learning is first introduced by Zhou et al. [36] to extend the spectral cluster-
ing methods to the hypergraphs. Then, Huang et al. [37] propose a hypergraph construction
approach based on KNN and the search radius method. Moreover, Zhang et al. [38] propose
to use the data correlation in the label space and the feature space to optimize the hypergraph
structure. Furthermore, the hypergraph networks with hyperedge neurons (HNHN) [39]
utilizes the association matrix for the convolution operation to update the hypernode and
hyperedge representations. After that, Zhang et al. [40] learn the label propagation by a dual
optimization process based on the hypergraph to optimize the hypergraph structure. The
hyperedge-based embedding (HEBE) approach [41] learns the representation for each entity
involved in an event through the hypergraphs. And Feng et al. [42] propose the hypergraph
neural network (HGNN), utilizing the hypergraph Laplacian to represent the hypergraphs.
In addition, the dynamic hypergraph neural networks (DHGNN) [30] combines KNN and
the K-means clustering algorithm to dynamically construct the hypergraph structure, which
accurately obtains the inherent higher-order correlation information hidden in the intrinsic
graph structure.

While the aforementioned hypergraph learning techniques have achieved notable progress
in the node representation learning, they are mainly applicable to the static networks and
cannot be directly applied to the temporal graphs.

3 Approach

In this section, we first formalize the task of dynamic node classification. A dynamic network
can be represented as G = (V, E), where V and E denote the node set and the edge set,
respectively, which are both time-varying. Each edge (vi , v j , tm) ∈ E indicates that node vi
and node v j interact at the timestamp tm . Furthermore, the label matrix is represented by
Y ∈ R

N×U , where N denotes the number of nodes in the node set V , U corresponds to the
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Table 1 Major notations applied in this paper

Variable Description

G The dynamic network

V The node set of the dynamic network

E The edge set of the dynamic network

vi The i-th node of the node set V
v0 The target node of the node set V
tm The m-th timestamp

Y The label matrix

N The number of nodes in the node set V
U The number of label classes

yi The label of node vi

Nv0 (tm ) The temporal neighboring nodes of the target node at tm
M(t) The representation of the target node as well as its neighbors

|| The concatenation operation

�(t) The time encoding functional mapping

αl
v0,i

The attention weight of the neighboring node vi

xv0 The target node features

hlvi The features of the neighbor vi in the l-th layer

hlv0 (tm ) The neighbor representation of target node at the l-th GNN layer at tm

h̃
L
v0

(tm ) The final time-aware representation of the target node at tm

flv0 The aggregated local hyperedge features

fgv0 The aggregated global hyperedge features

zv0 The final concatenated representation of the target node

number of classes, and each row yi ∈ R
U , denotes the one-hot label vector for node vi . The

aim of dynamic node classification task is to accurately predict the labels of nodes. Then,
we will give a brief definition of hypergraph. In a simple graph Gs = (Vs, Es), edges in Es
are 2-element subsets of the node set Vs , thereby expressing pair-wise relationships between
two nodes. By contrast, hyperedges in a hypergraph Gh = (Vh, Eh) are non-empty arbitrary
subsets of Vh [43]. Therefore, hyperedges are able to naturally represent complex multi-way
relationships occurring between any number of nodes [44, 45]. It should be noted that simple
graph can be seen as a special case of hypergraph where all hyperedges have a degree of 2
[30]. For clarity, we summarize the primary notations used in this paper in Table 1.

Subsequently,we introduce the proposedEnhancedHypergraphLearning (DEHL)method
in detail, which mainly consists of three components, i.e., the time-adaptive pre-training (see
Sect. 3.1), the dual-channel convolution (see Sect. 3.2) and the prediction (see Sect. 3.3).
Figure 2 presents an overview of DEHL. Specifically, given the temporal network G, we
first design a time-adaptive pre-training module to learn the dynamic features of each node
through the temporal graph attention layer, thus constructing the pre-training embedding
space. Then, we propose a dual-channel convolution method to acquire both the local and
global node relationships for enhancing the node representation learning. Finally, the time-
aware node embeddings and the high-order relationships enhanced node embeddings are
stacked and inputted into the classifier for predicting the label of the target node.
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Fig. 2 The framework of our proposed Distance Enhanced Hypergraph Learning (DEHL)

3.1 Time-Adaptive Pre-training

In this subsection, we design a time-adaptive pre-training component to pre-train the nodes
by learning their embeddings in the constructed pre-training embedding space, where the
node/edge attributes and time features are integrated for representing each node. In detail,
supposing the target node is denoted as v0, the representation of v0 is generated by taking its
temporal neighboring nodesNv0(tm) = {v1, ..., vs} of the target node v0 at the timestamp tm
into account. First, the representation of the target node as well as its neighbors are obtaining
by concatenating the node features as well as the time features:

M(t) =[hl−1
v0

(tm)‖�(0),hl−1
v1

(t1)‖�(t − t1), . . . ,hl−1
vs

(ts)�(t − ts)]�, (1)

where || is the concatenation operation, hl−1
vi

∈ R
d denotes the features of the neighbor vi in

the l − 1 layer, and �(t − ti ) ∈ R
dT is the corresponding time features. Besides considering

the node and time features, it is also convenient to extend our proposal for considering the
edge features by concatenating them in Eq. (1).

As for the time encoding, the continuous functional mapping �(t) is defined by adopting
the concepts from the Bochner’s Theorem [29], which can be formulated as follows:

�(t) =
√
1

d
[cos(ω1t), sin(ω1t), cos(ω2t), sin(ω2t), . . . , cos(ωd t), sin(ωd t)], (2)

where {ω1, . . . , ωd} are the learnable parameters.
Then, the representations of the target node and the neighbors obtained in Eq. (1) are

transformed through different linear projections:

q(t) = WQ[M(t)]0,
K(t) = WK [M(t)]1:s,
V(t) = WV [M(t)]1:s,

(3)

where the “query” q(t) ∈ R
dh is transformed from the target node, the “key” and “value”

K(t),V(t) ∈ R
dh×s are transformed from the neighbors, and WQ,WK ,WV ∈ R

dh×(d+dT )

are the weight matrices which are trainable.
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After that, we perform the self-attention mechanism to determine the importance of dif-
ferent neighboring nodes, which are generated as follows:

αl
v0,i = Softmax(q�Ki ) = exp(q�Ki )∑

j∈Nv0 (tm ) exp(q
�K j )

, (4)

where the attention weight αl
v0,i

indicates the importance of the neighboring node vi in the
temporal neighboring structure Nv0(tm).

Next, we produce the neighboring representation of the target node v0 the at timestamp
tm by summing the neighboring embeddings using the generated attention scores,

hlv0(tm) = Softmax

(
q(t)K(t)�√

d

)
V(t), (5)

where hlv0(tm) ∈ R
dh is the neighbor representation at the l-th GNN layer.

Finally, in order to jointly consider the target node features xv0 ∈ R
d and the neighboring

features, we concatenate these two characteristics as follows:

h̃
L
v0

(tm) = MLP(hlv0(tm)‖xv0) = W1(ReLU(W0[hlv0(tm)‖xv0 ] + b0)) + b1, (6)

where W0 ∈ R
db×(dh+d),W1 ∈ R

d×db ,b0 ∈ R
db ,b1 ∈ R

d are the trainable parameters.

Finally, the output of the last GNN layer, i.e., h̃
L
v0

(tm) ∈ R
d where L is the GNN layer

number, is adopted as the final representation of the target node v0 at the timestamp tm .
In addition, multi-head attention can be applied to improve the model performance and

robustness, where we can concatenate the output of the g heads to generate the final node
representation as follows:

h̃
L
v0

(tm) = FFN(hl(1)v0
(tm)‖ . . . ‖hl(g)v0

(tm)‖xv0), (7)

where hl(p)v0 (tm) is the output vector of target node v0 in the p-th attention, and p ranges from
1 to g.

3.2 Dual-Channel Convolution

Current graph neural networksmianly focus onmining the local relationships between nodes,
ignoring the global high-order node relationships. To deal with this issue, we propose a dual-
channel convolutionmethod,which not only constructs the local hypergraph from the original
graph structure, but also builds a global hypergraph by the K-nearest neighbor algorithm in
the pre-train embedding space by considering the global features. Furthermore, incorporat-
ing the hypergraph representation does not simply capture the connected node features but
can incorporate the global embedding space features in a distance-enhanced way, thereby
alleviating the oversmoothing issue to some degree.

3.2.1 Local Relationships Acquisition

Local hypergraph construction To take the local node relationships into consideration, we
aggregate the information from the local neighboring nodes in the original graph structure.
Specifically, given a target node v0, the full neighbors of v0 in the original graph structure
at the timestamp tm can be denoted as Nv0(tm). Then, we first sample a subset of Nv0(tm)

asN l
v0

(tm) = {vu1 , . . . , vuo }, where uo is the number of the sampled neighbors. In addition,
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it’s worth noting that the sampling procedure should obey the chronological order, i.e., the
sampled neighbors must interact with v0 before the timestamp tm . After sampling the subset
N l

v0
(tm), the contained neighboring nodes can be considered as a local hyperedge for acquir-

ing the local node relationships.Local node convolution.After obtaining the local hyperedge
where the contained neighbor set can denoted as N l

v0
(tm), we propagate information from

N l
v0

(tm) to v0 through the local node convolution operation. However, the existed methods
such as maximum pooling, average pooling, and pre-computed transform matrix approaches
generated from the extant graph structure are incompetent in effectively distinguishing the
feature information between the neighboring nodes [30]. Consequently, we adopt an MLP
to learn the neighboring node features for acquiring the transform matrix and then utilize
1-dimensional convolution to compact the extracted feature information for generating the
hyperedge representation. This can be formulated as follows:

Tl = MLP(El
v0

),

flv0 = conv(Tl · MLP(El
v0

)),
(8)

where El
v0

is the embedding of the sampled neighboring nodes N l
v0

(tm) generated by the
time-adaptive pre-training component, conv denotes the one-dimensional convolution, and
flv0 ∈ R

d denotes the aggregated local hyperedge features.

3.2.2 Global Relationships Acquisition

Global hypergraph construction In order to capture the high-order global node relationships,
we adopt a K-nearest neighbor algorithm to dynamically construct the global hypergraph.
Specifically, we first select the K − 1 nearest nodes to the target node v0 in the pre-traning
embedding space E. Similar to sampling in the original graph structure, the neighbor-
ing nodes arising subsequent to the target node v0 required to be masked, conforming
to the temporal constraints. These sampled K − 1 nearest neighboring nodes, in con-
junction with the target node v0, constitute the global hyperedge that can be denoted as
N g

v0(tm) = {v0, vu1 , vu2 , . . . , vuK−1}. Global node convolution. After that, we conduct the
global node convolution in a similarway of aggregating the features of each sampled neighbor
in the original graph structure to the local hyperedge, which can be formulated as follows:

Tg = MLP(Eg
v0

),

fgv0 = conv(Tg · MLP(Eg
v0

))
(9)

where Eg
v0 is the embedding of the neighbors in the global hyperedge, i.e., N l

v0
(tm), and

fgv0 ∈ R
d denotes the aggregated global hyperedge features.

By processing each layer of feature embedding in the above manner, the hypergraph
structure can be dynamically adjusted with the evolution of the feature embedding space and
the network development to a larger size, thus obtaining an enhanced hypergraph structure
for modeling the high-order node relationships in temporal graphs.

3.2.3 Hyperedge Convolution

After generating the local and global hyperedge representations as flv0 and fgv0 through the
above local and global relationships acquisition modules, we adopt an attention mechanism
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to combine them together as the final target node representation, which can be formulated as
follows:

g = Softmax(we[flv0 , fgv0 ] + be), (10)

where g ∈ R
2 is the weight score between the local and global hyperedges generated by the

attention mechanism, we ∈ R
d and be ∈ R are the learnable parameters.

Finally, the final target node representation can be generated by summing the local and
global hyperedge representations in a weighted way:

fv0 = g[flv0 , fgv0 ], (11)

where fv0 ∈ R
d is the final representation of the target node yielded through the dual-channel

convolution component.

3.3 Prediction and Algorithm

Given the target node v0, the time-aware embedding can be obtained as h̃
L
v0

by the time-
adaptive pre-training component. In addition, the local and global node relationship enhanced
embeddings can be generated as fv0 based on the dual-channel convolution method. After

that, we concatenate h̃
L
v0

and fv0 , and then input them into the multi-layer perceptron (MLP)
to generate the final scores for predicting the target node label, which can be formulated as
follows:

zv0 = MLP([h̃Lv0 ||fv0 ]) = W3(ReLU(W2[h̃Lv0 ||fv0 ])), (12)

where W2 ∈ R
dr×(2d) and W3 ∈ R

dm×dr are the trainable parameters, and zv0 ∈ R
dm is the

final concatenated representation of the target node v0. To train the proposed DEHL model,
we adopt the binary cross-entropy function as the optimization objective to learn the trainable
parameters:

L = − 1

N

N∑
i=1

[yi log(σ (zvi )) + (1 − yi ) log(1 − σ(zvi ))], (13)

where N is the total training sample size, σ indicates the Sigmoid activation function, and yi
denotes the label of node vi . Finally, we apply the back propagation in time (BPTT) algorithm
to train the proposed DEHL model.

The primary procedures for DEHL training are presented in Algorithm 1. For the whole
nodes in the dynamic network,we treat the original features of the nodes as the representations
of the 0-th layer (line 1). Then, we generate the neighbor representation (line 4) and the target
node representation (line 5) through the time-adaptive pre-training component. Next, we
construct the local hypergraph of the target node, and adopt local node convolution to generate
the aggregated local hyperedge features (line 6). We adopt a K-Nearest Neighbor algorithm
to construct the global hypergraph (line 7–11). Similar to the local hyperedge features, we use
global node convolution to generate the aggregated global hyperedge features (line 12). We
obtain the distance-aware representation through attention mechanism (line 13). Then, we
calculate the prediction score (line 14) and the binary cross-entropy loss (line 15). Finally,
we employ the BPTT to optimize the DEHL parameters (line 17). Denoting the average
neighboring size of nodes as N̄ , the per-batch time complexity of DEHL can be expressed
as O((N̄ )l).

123



  231 Page 10 of 18 D. Liu et al.

Algorithm 1 Training process of DEHL.
Require: dynamic network G = (V,E); epochs: the count of training iterations
Ensure: S: the node embeddings in V ; �: the trainable parameters of DEHL
1: h0v0 = xv0 ,∀v0 ∈ V ;
2: for epoch in range(epochs) do
3: for v0 in V do
4: hlv0 (tm ) = the neighbor representation based on Eqs. (1) - (5);

5: h̃
L
v0

(tm ) = the time-aware representation based on Eqs. (6) and (7);

6: flv0 = the aggregated local hyperedge features based on Eq. (8);
7: for v j inNv0 (tm ) do

8: d = distance
(
h̃
L
v0

(tm ) , h̃
L
v j

(tm )
)
;

9: d = sort(d);
10: KNN = topK(d, K );
11: end for
12: fgv0 = the aggregated global hyperedge features based on Eq. (9);
13: fv0 = the distance-aware representation based on Eqs. (10) and (11);
14: zv0 = prediction based on Eq. (12);
15: Model optimization loss: L based on Eq. (13);
16: end for
17: utilize BPTT for the optimization of �;
18: end for
19: return S and �

4 Experiments

4.1 Research Questions

We conduct extensive experiments by addressing the following four research questions:

1. Can our DEHL model beat the state-of-the-art baselines for the dynamic node classifica-
tion task on real-world temporal network datasets?

2. How is the contribution of the time-adaptive pre-training component and the dual-channel
convolution module to the performance of DEHL?

3. How is the performance of DEHL with different sampling size of neighbors selected for
constructing the global hypergraph?

4. How is the impact of the critical hyper-parameters, i.e., the node embedding dimension
and the time embedding dimension, on the performance of DEHL?

4.2 Datasets

To verify the effectiveness of our proposed DEHLmodel, we conduct comprehensive experi-
ments on two real-world temporal network datasets, i.e., Wikipedia1 and Reddit.2 Wikipedia
contains the interactions between users and pages for one month, which treats users and
pages as nodes, and the act of a user editing the page represents an interaction. The dynamic
binary labels indicate whether a Wikipedia user is banned from editing a page. Similar to the
Wikipedia dataset, Reddit gathers users and subreddits as nodes, and treats users’ posting to
the subreddits which last for a month as the interactions. The dynamic binary labels represent

1 http://snap.stanford.edu/jodie/wikipedia.csv.
2 http://snap.stanford.edu/jodie/reddit.csv.
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Table 2 Statistics of the datasets used in the experiments, where the density is computed as E/N (N − 1),
with E denoting the number of edges in the dataset and N representing the number of nodes in the dataset

Dataset Wikipedia Reddit

10 days 20 days 30 days 10 days 20 days 30 days

# Nodes 4289 5210 5693 9025 9790 10,175

# Edges 40,000 40,000 40,000 40,000 40,000 40,000

# Edge features 172 172 172 172 172 172

# Edge features type LIWC LIWC LIWC LIWC LIWC LIWC

# Nodes with dynamic labels 62 57 55 6 15 22

# Density (%) 0.2175 0.1474 0.1234 0.0491 0.0417 0.0386

# Dynamic labels proportion (%) 0.1550 0.1425 0.1375 0.0150 0.0375 0.0550

Label type Binary Binary Binary Binary Binary Binary

if a Reddit user is banned from posting under a subreddit. Moreover, both the interaction
features on Wikipedia and Reddit are converted into the text features.

In addition, for both Wikipedia and Reddit, we first select three subsets of the whole
dataset with the timespan of 10, 20 and 30 days, respectively. Then, we further randomly
sample 40,000 edges from each selected subset according to the corresponding contained
positive/negative label ratios. Table 2 reports the detailed statistics of six preprocesseddatasets
adopted for our experiments. Furthermore, we partition each preprocessed dataset into the
training, validation, and test sets with the split ratios of 70%, 15%, and 15%, respectively.

4.3 Baselines

We compare the performance of DEHL with the following competitive baselines:

• GAT [18] aggregates the features from the neighboring nodes to the target node using an
attention mechanism.

• GraphSAGE [17] uses the neighbor sampling to encode the graph structure, where the
features of the sampled neighboring nodes are aggregated to obtain the target node rep-
resentations.

• GAT+T incorporates the temporal features of nodes by concatenating the node embed-
dings obtained from GAT with the time embeddings encoded via Eq. (2).

• GraphSAGE+T concatenates the node embeddings generated by GraphSAGE and the
time embeddings generated by Eq. (2) for representing the target node.

• TGAT [28] utilizes a temporal attention mechanism to encode the temporal dynamics as
well as the graph structure for generating the node representations.

• TGN [46] maintains for each node an evolving memory through the message function,
message aggregator, andmemory updater components, and utilizes the leveraged embed-
ding module to produce the representation of each node.

• NeurTWs [47] introduces spatiotemporal-biased random walks for representative motif
extraction coupledwith a neural ordinary differential equation component for irregularly-
sampled temporal nodes to be embedded explicitly.
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Table 3 Model performance of different dynamic node classification approaches. The optimal result in each
column is denoted in boldface

Dataset Wikipedia Reddit

10 days 20 days 30 days 10 days 20 days 30 days

GAT 80.12 86.27 80.59 78.60 60.27 62.63

GAT+T 81.87 87.13 81.07 79.93 60.96 63.99

GraphSAGE 81.99 85.68 80.65 78.46 60.24 61.66

GraphSAGE+T 82.76 86.58 81.67 81.90 60.69 63.28

TGAT 83.07 87.44 82.04 83.76 61.48 65.57

TGN 86.56 90.05 82.95 84.66 62.76 65.44

NeurTWs 87.29 90.67 83.09 84.32 63.03 66.02

DEHL 88.01 92.26 83.50 85.20 66.51 67.47

4.4 Experimental Setup

The hyper-parameter tuning of DEHL is performed on the validation data to acquire the
optimal configurations specific to each dataset. In particular, the node embedding dimension
and the time embedding dimension are both tuned in {60, 80, 100, 120, 140}. The number of
attention heads is ranged in {1, 2, 3, 4, 5}. At last, we set both the node and time embedding
dimensions to 100 and adopt 2 attention heads for the overall experiments. Moreover, the
Adam optimizer with a learning rate of 1e−4 is employed to train the parameters of DEHL
using a batch size of 100. Finally, AUC is adopted as the metric to evaluate the dynamic node
classification performance of our proposed DEHL model as well as the baseline methods.
In addition, we train DEHL for 50 epochs, and the early stopping strategy is adopted as a
regularization to prevent overfitting by stopping training if the performance does not improve
for 5 epochs.

5 Results and Discussion

5.1 Overall Performance

We conduct a comparison between the proposedDEHL and the state-of-the-art dynamic node
classification baselines on the Wikipedia and Reddit datasets. The experimental results are
presented in Table 3.

Clearly, for the baselines, by comparing GAT and GraphSAGE against their respective
temporal versions, i.e., GAT+T and GraphSAGE+T, it is obvious that the temporal ver-
sion GAT+T consistently outperforms GAT in all cases on both Wikipedia and Reddit. The
same phenomenon can be observed in the comparisons between GraphSAGE+T and Graph-
SAGE. This suggests that taking the time information into consideration on the basis of
the node embeddings obviously contributes to the classification performance improvement
across various scenarios.Moreover, apart fromReddit-10 days, NeurTWs achieves a superior
performance than other baselines in all cases on both datasets.

Next, let us consider our proposed DEHL model. First, as shown in Table 3, DEHL
consistently yields a better performance than the competitive baselines in terms of AUC on
both datasets, validating the effectiveness of our proposal.
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Fig. 3 The results of ablation study on Wikipedia and Reddit datasets

Specifically,DEHL improves theperformanceover the best-performingbaselineNeurTWs
in terms of AUC by 0.72%, 1.59%, and 0.41% for Wikipedia-10 days, Wikipedia-20 days,
and Wikipedia-30 days, respectively. As for the Reddit dataset, the performance increas-
ing rates over NeurTWs are 0.88%, 3.48%, and 1.45% on Reddit-10 days, Reddit-20 days,
and Reddit-30 days, respectively. An interesting finding is observed that the performance
improvement generally increases and then decreases with the timespan of the Wikipedia and
Reddit dataset increasing.

5.2 Ablation Study

In this subsection, we explore the contribution of different components in our proposal
by comparing DEHL with its four variants, including: (1) w/o TAPT which removes the
time-adaptive pre-training component, (2) w/o DCCV which abandons the dual-channel
convolution component, (3) w/o DCGC which discards the dual-channel global convolution
learning component, (4) w/o DCLC which eliminates the dual-channel local convolution
learning component. The results of DEHL and the variants in terms of AUC on Wikipedia
and Reddit are presented in Fig. 3.

From Fig. 3, it can be found that DEHL outperforms w/o TAPT and w/o DCCV in all
cases on both datasets, indicating that both the time-adaptive pre-training module and the
dual-channel convolution component contribute to the improvement of the dynamic node
classification performance. Specifically, comparing w/o TAPT and DEHL, we find that after
abandoning the time-adaptive pre-training module, the model performance obviously drops,
indicating that incorporating the temporal attribute features of nodes is beneficial for dynamic
node classification. In addition, the removal of the dual-channel convolution component leads
to an obvious performance drop compared to the full DEHL model. This could be attributed
to that the dual-channel convolution module takes both the local and global relationships into
account, thus yielding an accurate representation of the target node.

Moreover, removing the time-adaptive pre-training module generally results in a larger
degradation of the model performance than abandoning the the dual-channel convolution
component on both datasets except the case ofWikipedia-20 days. This could be attributed to
the fact that compared with the gain brought by incorporating the temporal attribute features,
the high-order features captured by the hypergraph structure play a more important role in
accurate dynamic node classification.
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Table 4 The impact of the hypergraph sampling size on Wikipedia and Reddit. The optimal and suboptimal
performance in each column are underlined and boldfaced, respectively

Dataset Wikipedia Reddit

10 days 20 days 30 days 10 days 20 days 30 days

K = 23 84.28 92.26 83.50 83.26 63.62 65.81

K = 24 87.96 91.38 83.12 85.20 66.51 64.64

K = 25 88.01 91.75 82.93 84.26 62.84 66.12

K = 26 87.52 90.14 82.45 83.90 66.49 65.49

K = 27 86.20 90.99 82.96 84.43 64.46 63.79

K = 28 85.49 89.85 82.56 81.12 62.99 67.47

Besides, as evidenced in Fig. 3, DEHL superior performance over w/o DCGV and w/o
DCLV across all experimental conditions on both datasets. This finding suggests that the
inclusion of both global and local convolution learning in the dual-channel convolution
component led to measurable gains in dynamic node classification. We can further find that
w/o DCGV conferred greater performance gains than w/o DCLV. This could be attributed to
that time-adaptive pre-training module inherently captures some local relationships, while
the global high-order relationships introduced by global convolution learning may be more
beneficial for representing target node embedding.

5.3 Impact of Hypergraph Sampling Size

In order to analyze the impact of the sampling size K involved in the global relationships
acquisition module, we range K in {23, 24, 25, 26, 27, 28} to evaluate the performance of
DEHL. The experimental results in terms of AUC are presented in Table 4.

First, on the Wikipedia-10 days dataset, with K increasing, the performance of DEHL
first exhibits an increasing trend and then decreases, where the best performance is achieved
when K is 25. However, for Wikipedia-20 days and Wikipedia-30 days, as K increases, the
performance of DEHL consistently declines. This could be due to that on the datasets of
a long timespan, a small sampling size K is abundant for exploiting the high-order node
relationships, while a large K may introduce much bias which hurts the performance.

Moreover, on the Reddit-10 days and Reddit-20 days, as K increases, the performance of
DEHL first increases, reaching the peak performance at K = 24, and then shows a generally
decreasing trend. While on Reddit-30 days, the performance of DEHL fluctuates with K
increasing and achieves the best performance at K = 28. The different phenomenon of
the results on the Wikipedia datasets and on the Reddit datasets may be due to that the
sparsity of them are different as shown in Table 4, where the sparsity of the Reddit datasets
is obviously relatively lower. That is, the global relationships acquisition module requires a
large sampling size K for incorporating the high-order node relationships in the scenarios of
low data sparsity.

5.4 Analysis of Hyper-Parameter Sensitivity

To test the sensitivity of DEHL to the key hyper-parameters, i.e., the node embedding dimen-
sion and the time embedding dimension. We conduct an empirical analysis by tuning both
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Fig. 4 The impact of node embedding dimension and time embedding dimension on Wikipedia and Reddit
datasets

the node and time embedding dimensions in {60, 80, 100, 120, 140}. The results in terms of
AUC on Wikipedia and Reddit are shown in Fig. 4.

From Fig. 4, we can observe that with both the node and time embedding dimensions
increasing from 60 to 100, the performance of DEHL first increases and then stabilizes. This
indicates that the ability of the dimension increasing for improving the model performance
reaches a threshold around th dimension 100, beyond which the performance improvement
is minor. In addition, compared to the results on the Wikipedia datasets, DEHL exhibits a
relatively higher improvement for the classification task on theReddit datasets as the timespan
increases from 10 to 30 days. This difference may be attributed to the unbalanced distribution
of dynamic label proportions in Reddit as shown in Table 2.

6 Conclusions and FutureWork

In this paper, we propose a distance enhanced hypergraph learning (DEHL) method for
dynamic node classification. First, we propose a time-adaptive pre-training component to
obtain the temporal features of nodes. Then, we design a dual-channel convolution module to
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capture the local and global high-order relationships for generating the distance enhanced tar-
get node representations, which effectively overcomes the over-smoothing issue. At last, we
concatenate the time-adaptive representations and the distance enhanced representations for
the final downstream node classification. Extensive experiments conducted on two dynamic
graph datasets, i.e., Wikipedia and Reddit, demonstrate the effectiveness of DEHL in terms
of AUC.

As to future work, we plan to introduce additional supervision signals such as adversarial
learning [48] for exploiting the node relationships, and we are also interested in adapting our
proposal to the dynamic node classification in the zero-shot [49] scenarios.
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