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Graph Neural Networks (GNNs) resurge as a trending research subject owing to their impressive ability to cap-
ture representations from graph-structured data. However, the black-box nature of GNNs presents a significant
challenge in terms of comprehending and trusting these models, thereby limiting their practical applications
in mission-critical scenarios. Although there has been substantial progress in the field of explaining GNNs in
recent years, the majority of these studies are centered on static graphs, leaving the explanation of dynamic
GNNs less explored. Dynamic GNNs, with their ever-evolving graph structures, pose a unique challenge and
require additional efforts to effectively capture temporal dependencies and structural relationships. To address
this challenge, we present DyExplainer, a novel approach to explaining dynamic GNNs on the fly. DyExplainer
trains a dynamic GNN backbone to extract representations of the graph at each snapshot, while simultane-
ously exploring structural relationships and temporal dependencies through a sparse attention technique. To
preserve the desired properties of the explanation, such as structural consistency and temporal continuity,
we augment our approach with contrastive learning techniques to provide a priori-guided regularization.
To model longer-term temporal dependencies, we develop a buffer-based live-updating scheme for training.
The results of our extensive experiments on various datasets demonstrate the superiority of DyExplainer, not
only providing faithful explainability of the model predictions but also significantly improving the model
prediction accuracy, as evidenced in the link prediction task.
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1 Introduction
The advent of Graph Neural Networks (GNNs) has caused a veritable revolution in the field
and has been embraced with great enthusiasm due to their demonstrated efficacy in a variety of
applications, ranging from node classification [16] and link prediction [70], to graph clustering
[24, 56] and recommender systems [58]. However, these models are usually treated as black boxes,
and their predictions lack understanding and explanations, thus preventing them to produce reliable
solutions. Therefore, the study of the explainability of GNNs is in need. Recent research on GNN
explainability mainly focuses on explaining the model predictions. However, the labyrinthine
nature of GNNs has often resulted in their predictions being shrouded in mystery and lacking
transparency. Consequently, the trustworthiness of their solutions is frequently called into question.
To rectify this, the exploration and understanding of the explainability of GNNs have become
imperative. The current research landscape in this arena primarily centers on demystifying the
underlying mechanisms of GNN predictions, utilizing methods such as gradient-based techniques
[1, 42], mask-based approaches [29, 63, 68], and surrogate models [54] to shed light on the reasoning
[23] behind them. These techniques endeavor to bring greater transparency to the predictions of
GNNs and to provide a deeper insight into the thought process of the model.
The advancement in explainability in static GNNs has been substantial, yet the same cannot

be said for dynamic GNNs. Despite this, dynamic GNNs have gained widespread use in real-
world applications, as they are capable of handling graphs that change over time. Elevating the
level of explainability in dynamic GNNs is of utmost importance as it can foster greater human
trust in the model’s predictions. However, the dynamic and evolving nature of graphs presents
several challenges. First, learning in dynamic graphs involves taking into consideration not only
the topology and node attributes at each time point but also the temporal dynamics, making
it a formidable task to present explanations in a manner that is easily understood by humans.
Second, the consecutive order of dynamic graphs imposes unique constraints on the continuity of
explanations. Lastly, the underlying patterns in dynamic graphs may also evolve with changes in
node features and topologies, making it a challenge to find a balance between the continuity and
evolution of explanations.
To handle these challenges, in this article, we propose DyExplainer, a dynamic explainable

mechanism for dynamically interpreting GNNs. The framework is in Figure 1. DyExplainer consti-
tutes a high-level, generalizable explainer that imparts insightful and comprehensible explanations
through the utilization of graph patterns, thereby providing a deeper understanding of predictions
made by diverse dynamic GNNs. The proposed approach incorporates pooling operations [30,
64] on nodes, thereby yielding graph-level embeddings that are encoder-agnostic and afford a
remarkable degree of flexibility to a broad spectrum of dynamic encoders serving as the backbone.
Furthermore, the introduction of the explainer module into the encoder incurs only a minimal
overhead, making it highly efficient for large-scale backbone networks. Specifically, DyExplainer
trains a dynamic GNN model to produce node embeddings at each snapshot, where the explainer
module comprises two attention components: structural attention and temporal attention. The
former leverages the pivotal relationships between nodes within the graph at each snapshot to
inform the node representations, while the latter accounts for the temporal dependencies between
representations generated by long-term snapshots. Despite the proliferation of dynamic GNNs [43,
65], most of these approaches deduce the representation at each snapshot t solely based on the
embedding at the previous snapshot (C − 1), thereby making it challenging to fully comprehend
the intricate, long-term temporal dependencies between snapshots in real-world applications. For
instance, social network connections between individuals, groups, and communities may be subject
to change over time, influenced by a multitude of factors, such as geographical distance, personal
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Fig. 1. DyExplainer for dynamic graphs. N (C ) is the node representation for snapshot � (C ) after backbone

module. N ′(C ) is the updated node representation after explainable module. Ĝ
(C )

is the structural attention
for snapshot � (C ) .

life stage, and evolving interests. To encompass longer-term temporal dependencies, we have
devised a buffer-based, live-updating scheme with temporal attention. Specifically, the temporal
attention aggregates the node embeddings from the preceding B snapshots stored in a buffer.
In this regard, prior works on dynamic GNNs are reduced to a special case of the DyExplainer,
where � = 1. The proposed framework constitutes a generalization that encompasses all recent
graph learning methods for dynamic graphs. For example, by relinquishing explainability and
incorporating the Markov chain property for temporal evolution, our framework degenerates
to ROLAND [65]. Additionally, by restricting temporal aggregations to only the final layer, our
framework degenerates to a common approach in which a sequence model, such as GRU [6], is
placed on top of GNNs [40, 57, 66].

The dual sparse attention components of DyExplainer serve a trifold function. First, they impart
incisive explanations for the model’s predictions in downstream tasks. Second, they serve as a
sparse regularizer, enhancing the learning process. As research in the field of ranshomon set theory
[44, 60] demonstrates, sparse and interpretable models possess a higher degree of robustness and
better generalization performance, as outlined in Section 5.3. Lastly, the attention components allow
for the augmentation of the approach with a priori-guided regularization, preserving the desirable
properties of the explanation, such as structural consistency and temporal continuity. Structural
consistency pertains to the consistency of node embeddings between connected nodes in a single
snapshot, while temporal continuity enforces smoothness constraints on the temporal attention
between closely spaced snapshots, guided by pre-established human priors. To achieve more lucid
explanations, we employ the use of contrastive learning techniques, treating connected pairs as
positive examples and unconnected pairs as negative examples for consistency regularization, and
recent snapshots as positive examples and distant historical snapshots as negative examples for
continuity regularization. Overall, our contributions are summarized as follows:

—We address the problem of explanability for dynamic GNNs and propose a general self-
explainable method DyExplainer, which seamlessly integrates the modeling of both structural
relationships and long-term dependencies via sparse attentions.

ACM Transactions on Knowledge Discovery from Data, Vol. 19, No. 4, Article 92. Publication date: May 2025.
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—DyExplainer is capable of providing real-time explanations for both the structural and tempo-
ral factors that influence the model’s predictions. This innovative explaining module has been
designed to be encoder-agnostic, thereby affording flexibility to a range of dynamic GNN
backbones. Its implementation requires minimal overhead, as it only entails adding a light-
weight parameterization to the encoder for its explanation modules. This makes DyExplainer
highly efficient even for large backbone networks.

—We propose two contrastive regularizations to provide consistency and continuity explana-
tions. Our approach to augmenting desired properties in the explanation is a fresh contribution
to the field and may be of independent interest.

—Extensive experiments on various datasets demonstrate the superiority of DyExplainer, not
only providing faithful explainability of the model predictions but also significantly improving
the model prediction accuracy, as evidenced in the link prediction task.

2 Related Work
In this section, we review the literature in two groups: dynamic GNNs and explainability in GNNs.

2.1 Dynamic GNNs
The majority of current GNN models are optimized for static graphs, wherein the graph structure
remains constant. These models undergo a single iteration on the graph and make predictions based
on their unchanging structure [11, 16, 53]. However, real-world graphs tend to be dynamic and
constantly evolving over time. This has generated increased interest in the development of dynamic
GNNs, which can effectively deal with changing graph structures and capture the evolution of the
graph. Below, we provide an overview of the key techniques employed in dynamic GNNs.
Several works have combined GNNs with recurrent models, such as GRU cells, to capture the

evolution of the graph structure over time [22, 32, 69], which are referred to as recurrent GNNs.
These models process a sequence of graph snapshots, where each snapshot represents the graph
structure at a given timestep. The recurrent modules, such as RNNs or LSTMs, are integrated into
the GNN architecture to preserve the temporal dependencies between graph states in dynamic
graph sequences and to incorporate both graph structure and node features. The GNN component
processes information from the graph structure, while the recurrent component manages the
dynamic aspect of the data. Despite their potential, recurrent GNNs can be challenging to train,
given a large number of parameters and difficulties in capturing long-term dependencies. Differently,
DyExplainer leverages recurrent GNNs as its backbone, but updates dynamically, eliminating the
need for computing all snapshots. Its temporal attentionmechanism is designed to capture long-term
dependencies.
Another group of approaches that are particularly relevant to this work is attention-based

GNNs in dynamic graphs [45, 61, 74]. Attention mechanisms have been introduced into GNNs to
dynamically focus on the significance of different graph structures or node features in dynamic
graphs. This allows the network to concentrate on the most valuable aspects of the graph at
various timesteps, leading to improved performance on tasks such as node classification and link
prediction, and providing interpretable subgraph structures. However, these approaches lack the
ability to ensure the continuity of attention edges for consecutive snapshots, making it difficult to
detect essential structures in short-term snapshots. Additionally, they often face computational
challenges for long-range snapshots. In contrast, DyExplainer calculates temporal attention in a
buffer, alleviating computational burden. Additionally, its consistency regularization ensures that
attention values are consistent with those of nearby snapshots.
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2.2 Explainability in GNNs
The goal of explainability in GNNs is to provide transparency and accountability in the predictions
of the models, especially when they are used in critical applications such as detecting the fraud
[25] or helping the human to make medical diagnoses [27]. Recently, many works are proposed to
explain the GNN predictions, with a focus on diverse facets of the models from various perspectives.
Recently, some works in explainability of GNNs are emerging [67]. These methods can be grouped
into two categories: post hoc methods and self-explainable methods.
The majority of the GNN explainers are post hoc methods, which identify key nodes, edges,

and/or node features of the input instance to provide instance-level explanations for GNN models’
predictions. SA [1] computes the gradient value as the importance score for each input feature.While
it is easy to compute by the back-propagation, the results cannot accurately capture the importance
of each feature due to the output changingminimallywith respect to the input change, and a gradient
value is hard to reflect the input contribution. CAM [42] maps the node features in the final layer to
the input space to identify important nodes. However, the representation from the final layer of GNN
may not reflect the node contribution because the feature distribution may change after mapping by
a neural network. Another kind ofmethod aims to provide instance-level explanations by a surrogate
model that approximates the predictions of the original GNN model. GraphLime [14] provides a
model-agnostic local explanation framework for the node classification task. It adopts the node
feature and predicted labels in the K-hop neighbors of the predicted node and trains an HSIC Lasso.
For instance, PGM-Explainer [54] identifies crucial graph components and generates an explanation
in the form of a probabilistic graphical model as a surrogate to approximate the prediction. The
PGM-Explainer can be performed to explain node and graph classification tasks. More recently, a
group of methods study the output variations of GNN with respect to the input perturbations by
learning a mask that selects important features to explain the given prediction. As a typical method,
GNNExplainer [63] takes a trained GNN and its predictions as inputs to provide explanations for a
given instance, e.g., a node or a graph. The explanation includes a compact subgraph structure and a
small subset of node features that are crucial in GNN’s prediction for the target instance. However,
the explanation provided by GNNExplainer is limited to a single instance, making GNNExplainer
difficult to be applied in the inductive setting because the explanations are hard to generalize to other
unexplained nodes. PGExplainer [29] is proposed to provide a global understanding of predictions
made byGNNs. It models the underlying structure as edge distributionswhere the explanatory graph
is sampled. To explain the predictions of multiple instances, the generation process in PGExplainer
is parameterized by a neural network. Similar to the PGExplainer, GraphMask [46] trains a classifier
to predict whether an edge can be dropped without affecting the original predictions. As a post hoc
method, GraphMask obtains an edge mask for each GNN layer. SubgraphX [68] explains the GNN
predictions as an efficient exploration of different subgraphs with Monte Carlo tree search. It adopts
Shapley values as a measure of subgraph importance that also captures the interactions among
different subgraphs.

The methods mentioned above primarily focus on post hoc explanations for trained GNN models,
often requiring an additional explainer to generate explanations for the model. In contrast, there are
few works on self-explainable GNNs, which aim to provide predictions and explanations simulta-
neously. ProtGNN [71] combines prototype learning with GNNs, and the explanations are naturally
derived from the case-based reasoning process during the graph classification task. SE-GNN [7]
finds k-nearest labeled nodes for each unlabeled node to give explainable node classification.
MSE-GNN [41] adopts a two-stage self-explaining structure and a meta-training framework based
on meta learning.

ACM Transactions on Knowledge Discovery from Data, Vol. 19, No. 4, Article 92. Publication date: May 2025.
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Table 1. Notations

Notation Definition

� (C ) ,V , E (C ) Graph at snapshot t ; set of nodes of dynamic graph; set of edges at snapshot t.
� (C ) Node embedding of the graph after the encoder backbone at the snapshot t.
Ĝ
(C )

Structural attention matrix at the snapshot t.
Ñ
(C ) Node embedding after the structural attention at the snapshot t.

N
′ (C ) Node embedding after the temporal attention at the snapshot t.

G̃
(8 ) Temporal attention matrix if node i.

SC Temporal mask used in the buffer.
] (B ) ,] Weight matrix for linear transformation in structural attention and temporal atten-

tion, respectively.
a (B ) , a Weight vector in the single-layer network in structural attention and temporal

attention, respectively.
B Buffer size.
F Feature dimension of node embedding after the backbone.
� ′, K Feature dimension of node embedding after the structural attention and temporal

attention, respectively.
U , V Tradeoff parameters for the regularizations
g Temperature in Gumbel-softmax.

Current explanation methods for GNNs are limited to static graphs, hindering their application
in dynamic scenarios. The explanation of dynamic GNNs is an under-studied area. A recent work
[59] attempted to provide explanations by exploring backward relevance, but it was limited to a
specific model TGCN. There are distinct challenges in explaining dynamic GNNs in general. First,
existing explanation methods mainly focus on identifying the important parts of the data in relation
to the GNN predictions. However, dynamic GNNs make predictions for each snapshot, making it
difficult for an explainer to provide explanations for a particular prediction as it depends on all
previous snapshots. Second, as discussed in Section 2.1, there are many types of dynamic GNNs,
making it challenging to provide a generalizable solution. DyExplainer, on the other hand, provides
self-explainable scheme for all dynamic GNNs, overcoming these limitations.

3 Notations and Problem Definition
We formulate a dynamic graph as a series of T attributed graphs as G = (� (1) , ...,� () ) ), where
each graph � (C ) = (V, E (C ) ,^ (C ) ) is a snapshot at timestep t. V = {E1, E2, ...E# } is the set of N
nodes shared by all snapshots and E (C ) ∈ V ×V is the set of edges of a graph � (C ) . ^ (C ) ∈ R#×�
is the node feature matrix at snapshot t, where D is the number of dimensions of node features.
The topology and node features of each snapshot are dynamically changing over time. We aim to
learn an explainable dynamic GNN model f from the long-term snapshots defined as:

Ĝ
(C−�+1)

, ..., Ĝ
(C )
,N ′(C+1) ← 5

(
� (C−�+1) , ...,� (C )

)
, (1)

where Ĝ
(C−�+1)

, ..., Ĝ
(C )

are explanations we are interested and N ′(C+1) is the future node repre-
sentation predicted for the downstream tasks. In our study, we examine its application for link
prediction. It’s worth noting that our framework can also easily support other downstream tasks.
Important notations are summarized in Table 1.
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Fig. 2. Backbone encoder architecture.

4 Method
4.1 Encoder Backbone
There are different approaches to designing dynamic GNNs. As a plug-and-use framework, the
proposed DyExplainer is flexible to the choice of dynamic GNNs as the backbone. In this work, we
adopt a state-of-the-art method ROLAND [65] as the backbone due to its powerful expressiveness
and impressive empirical performances in real-life datasets. Specifically, it hierarchically updates the
node embedding to obtain the N (C ) at snapshot t. With ROLAND as the backbone, the architecture
of the encoder is shown in Figure 2. We put the node embedding inferred by the backbone to a
buffer of size B for the learning of our explainer module. Formally, we denote the node embeddings
in the buffer as {N (C−�+1) , ...,N (C ) }.

4.2 Explainable Aggregations
The node embedding at snapshot t is denoted by N (C ) = {h1, ...,h# }, h8 ∈ R� , where N is the
number of nodes, and F is the feature dimension of the node embedding.

4.2.1 Structural Aggregation. On dynamic graphs, each snapshot has its unique topology infor-
mation. An effective explanation, therefore, should highlight the crucial structural components
at a given snapshot that significantly contribute to the model’s prediction. Drawing inspiration
from graph attention mechanisms, which assign varying levels of importance to graph edges that
can be used as explanations [34, 48, 53], we propose a structural attention mechanism to aggregate
weighted neighborhoods at each timestep. Formally, we have

l
(B,C )
8 9

= LeakyReLU
(
a (B ))

[
] (B )h(C )

8
| |] (B )h(C )

9

] )
, (2)

Ĝ
(C )
8 9 = softmax9

(
l
(B,C )
8 9

)
=

exp
(
l
(B,C )
8 9

)
∑
:∈T (C )

8

exp
(
l
(B,C )
8:

) , (3)
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where Ĝ
(C )

is the structural attention at timestep t, ] (B ) is a weight matrix in a shared linear
transformation, a (B ) is the weight vector in the single-layer network, N (C )

8
is the set of neighbors

of node i at timestep t, and | | indicates the concatenation operation.
However, the utilization of weights in traditional attention models may pose a challenge in

complex dynamic graph environments, particularly with regard to explanation. Explanations in
these settings are often derived by imposing a threshold and disregarding insignificant attention
weights. This approach, however, fails to account for the cumulative impact of numerous small but
non-zero weights, which can be substantial. Moreover, the non-exclusivity of attention weights
raises questions about their accuracy in reflecting the true underlying importance [53]. To address
this issue and equip structural attention with better explainability, we design a hard attention
mechanism to alleviate the effects of small attention coefficients. The basic idea uses a prior work
on differentiable sampling [15, 31], which states that the random variable

4 = f

((
log n − log

(
1 − n

)
+ l

)
/g
)

where n ∼ U
(
0, 1

)
, (4)

where f (·) is the sigmoid function and g is the temperature controlling the approximation. Equation
(4) follows a distribution that converges to a Bernoulli distribution with success probability ? =

(1 + 4−l )−1 as g > 0 tends to zero. Hence, if we parameterize l and specify that the presence of an
edge between a pair of nodes has probability p, then using e computed from Equation (4) to fill the
corresponding entry of Ĝ will produce a matrix Ĝ that is close to binary. We use this matrix as
the hard attention with the hope of obtaining a better explanation due to the dropping of small
attention weights. Moreover, because Equation (4) is differentiable with respect to l , we can train
the parameters of l like in a usual gradient-based training. In the structural attention, we have the
parameterized l (B,C )

8 9
in Equation (2), thus we get

4̃
(B,C )
8 9

= f

((
log n − log

(
1 − n

)
+ l (B,C )

8 9

)
/g
)

where n ∼ U
(
0, 1

)
,

which returns an approximate Bernoulli sample for the edge (8, 9). When g is not sufficiently close
to zero, this sample may not be close enough to binary, and in particular, it is strictly non-zero.

The rationality of such an approximation is that with temperature g > 0, the gradient
m4̃
(B,C )
8 9

ml
(B,C )
8 9

is

well-defined. The output of the binary concrete distribution is in the range of (0,1). To further
alleviate the effects of small values by encouraging them to be exactly zero, we propose a “stretching
and clipping” technique in the hard attention mechanism. To explicitly zero out an edge, we follow
[28] and introduce two parameters, W < 0 and b > 1, to remove small values of 4̃ (B,C )

8 9
given by

Ĝ
(C )
8 9 = min

(
1,max

(
4
(B,C )
8 9

, 0
) )

where 4
(B,C )
8 9

= 4̃
(B,C )
8 9
(b − W) + W .

The structural attention Ĝ
(C )

does not insert new edges to the graph (i.e., when (8, 9) ∉ E (C ) ,
Ĝ
(C )
8 9 = 0), but only removes (denoises) some edges (8, 9) originally in E (C ) . Then, we obtain the

node embedding Ñ
(C ) ∈ R#×� ′ at the timestep t after the structural aggregation with each row

given by

h̃
(C )
8 = f

( ∑
9∈N (C )

8

Ĝ
(C )
8 9 ]

(B )h(C )
9

)
. (5)
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Fig. 3. Examples of temporal mask in temporal aggregation. “Local” means considering continuous snapshots
before the current timestep. “Random” means randomly picking historical snapshots before the current
timestep. The value is 1 in green boxes and 0 otherwise.

4.2.2 Temporal Aggregation. In light of the dynamic and evolving nature of node features and
inter-node relationships over time, temporal dependency holds paramount importance in the
modeling of dynamic graphs. Existing methods either adopt RNN architectures, such as GRU [6]
and LSTM [12], or assume the Markow chain property [65] to capture the temporal dependencies in
dynamic graphs. As shown in [52], despite their utility, these methods are insufficient in capturing
long-range dependencies, thereby hindering their ability to generalize and model previously unseen
graphs. To overcome this limitation, we propose a solution that leverages an attention-based
temporal aggregation mechanism to adaptively integrate node embeddings from distant snapshots.
This is achieved through the utilization of a buffer-dependent temporal mask, which serves as a
temporal topology to guide the aggregation process. The temporal mask examples are shown in
Figure 3.
In Equation (5), the structural attention provides the node embedding Ñ

(C ) ∈ R#×� ′ for each
snapshot t. Therefore, we have a set of node embedding {Ñ (C−�+1) , ..., Ñ (C ) }. Concatenating them
to a 3D tensor and take transpose, for each node i, we have a buffer-dependent node embedding
N̂
(8 ) ∈ R�×� ′ , N̂ (8 ) = {ĥC−�+1, ..., ĥC }, ĥC ∈ R�

′ . We propose the temporal attention given by

l
(8 )
C: ,C 9

= LeakyReLU
(
a)

[
]h(8 )C: | |]h(8 )C 9

] )
, (6)

G̃
(8 )
C: ,C 9

= softmaxC 9
(
l
(8 )
C: ,C 9

)
=

exp
(
l
(8 )
C: ,C 9

)
∑
C? ∈MC:

exp
(
l
(B,C )
C: ,C?

) , (7)

where G̃
(8 )

is the temporal attention for node i,] is a weight matrix for linear transformation, a is
a weight vector for single-layer network,MC: is the timesteps that has element 1 in the temporal
mask. The values in G̃

(8 ) ∈ R�×� indicate the importance of relations between the embedding for
node i at the past snapshots. We compute Equations (6) and (7) in batch for acceleration due to
the graphs usually have large numbers of nodes. Then, after the temporal attention, we obtain the
node embedding N

′ (8 ) ∈ R�× for each node i for all the B snapshots in the buffer, with each row
given by

h
′ (8 )
C:

= f

( ∑
C 9 ∈SC:

G̃
(8 )
C: ,C 9

]h(8 )C 9

)
. (8)

Therefore, we have the embedding of node i at time t is h
′ (8 )
C ∈ R , and the embedding of all nodes

results in N
′ (C ) ∈ R#× , N ′ (C ) = {h

′ (0)
C , ...,h

′ (#−1)
C }.
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4.3 Regularizations
The framework of DyExplainer is flexible with various regularization terms to preserve desired
properties on the explanation. Inspired by the graph contrastive learning that makes the node
representations more discriminative to capture different types of node-level similarity, we propose
a structural consistency and a continuity consistency. We now discuss the regularization terms as
well as their principles.

4.3.1 Consistency Regularization. Inspired by the homophily nature of graph-structured data
[33], we propose a topology-wise regularization to encourage consistent explanations of the
connected nodes in a graph. Specifically, on the graph � (C ) = {V, E (C ) }, for a node 8 ∈ V , we
sample a positive pair (8, ?), the edge 48,? ∈ E (C ) . We sample unconnected pairs (8, 9) such that
48, 9 ∉ E (C ) to form a set of non-negative samples N̄8 , then we propose the consistency regularization
for the structural attention Ĝ

(C )
as

L2>=B = − log
exp

(
sim

(
Ĝ
(C )
8 , Ĝ

(C )
?

))
exp

(
sim

(
Ĝ
(C )
8 , Ĝ

(C )
?

))
+∑9∈N̄8

exp

(
sim

(
Ĝ
(C )
8 , Ĝ

(C )
9

)) . (9)

Note that the computation of Equation (9) is very time-consuming for graphs with large numbers
of nodes and edges. In practice, we select some anchors to compute the L2>=B .

4.3.2 Continuity Regularization. As suggested in [35], preserving continuity ensures the ro-
bustness of explanations that small variations applied to the input, for which the model prediction
is nearly unchanged, will not lead to large differences in the explanation. In addition, continuity
benefits generalizability beyond a particular input instance. Based on the practical principle, in
dynamic graphs, we aim to maintain a consistent explanation of snapshots even as the graph struc-
ture evolves. Inspired by the idea in [51] that two close subsequences are considered as a positive
pair while the ones with large distances are the negatives, we propose a continuity regularization.

For a snapshot �C , a positive pair (�C ,�? ) is sampled from the sliding window in the temporal
mask. The set of non-negative samples N̄C is historical snapshots that are not in the buffer. Then,
the continuity regularization for each node i is given by

L2>=C = − log
exp

(
sim

(
G̃
(C )
8 , G̃

(? )
8

))
exp

(
sim

(
G̃
(C )
8 , G̃

(? )
8

))
+∑:∈N̄C

exp

(
sim

(
G̃
(C )
8 , G̃

(: )
8

)) , (10)

where G̃
(C )
8 ∈ R�×� is the temporal attention of node i on �C . To compute Equation (10) for all of

the nodes instead of one-by-one, we form a block diagonal matrix with each diagonal block be the
attention corresponding to each node, say G̃

(C )
block = diag

(
G̃
(C )
0 , ..., G̃

(C )
#

)
.

4.4 Buffer-based Live-update
After we obtain the node embedding N

′ (C ) ∈ R#× for the current snapshot, DyExplainer uses
an MLP to predict the probability of a future edge from node i to j. We compute a cross-entropy
loss L24 between the predictions and the edge labels at the future snapshot. After all, we have the
objective function

L = (1 − U)L24 + U (L2>=B + L2>=C ), (11)
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Algorithm 1: Buffer-based Live-update Algorithm

where U is the tradeoff parameter. Inspired by ROLAND [65], we develop a buffer-based live-update
algorithm to train the model. The key idea is to balance the efficiency and the aggregation from
historical embeddings. Specifically, we update the backbone lively and fine-tuning the attention
modules with the node embedding from the buffer. Note that the backbone is updated based on
cross-entropy loss because without attention module, the terms L2>=B and L2>=C are zeros. We
provide the details in Algorithm 1.

5 Experiments
In evaluating the performance of the DyExplainer, we will compare it against state-of-the-art
baselines. Our findings demonstrate the significant improvement in model generalization for link
prediction achieved by the DyExplainer. Furthermore, we quantitatively validate the accuracy of
its explanations. We also delve deeper with ablation studies and a case study, offering a deeper
understanding of the proposed method.

5.1 Experimental Setup
5.1.1 Datasets. The experiments are performed on six widely used datasets in the following

list. The dataset (1) AS-733 is an autonomous systems dataset of traffic flows among routers
comprising the Internet [20]. (2) Reddit-Title and (3) Reddit-Body are networks of subreddit-to-
subreddit hyperlinks extracted from posts. The posts contain hyperlinks that connect one subreddit
to another. The edge label shows if the source post expresses negativity toward the target post [17].
(4) UCI-Message is composed of private communications exchanged on an online social network
system among students [36]. The datasets Bitcoin-OTC and Bitcoin-Alpha consist of “who-trusts-
whom” networks of individuals who engage in trading on these platforms [18, 19]. For statistics of
the datasets, see Table 2.

5.1.2 Baselines. We compare DyExplainer with both link prediction methods and explain-
able methods. For link prediction methods, we use seven state-of-the-art dynamic GNNs. The (1)
EvolveGCN-H and (2) EvolveGCN-O models employ an RNN to dynamically adapt the weights of
internal GNNs, enabling the GNN to change during testing [37]. (3) T-GCN integrates a GNN into
the GRU cell by replacing the linear transformations in GRU with graph convolution operators [73].
The (4) GCRN-GRU and (5) GCRN-LSTM methods are widely adopted baselines that are generalized
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Table 2. Dataset Statistics

Dataset # Nodes # Edges Range # Snapshot
Frequency

# Snapshots

AS-733 7,716 11,965,533 8 November 1997–2 January 2000 Daily 733
Reddit-Title 54,075 571,927 31 December 2013–30 April 2017 Weekly 178
Reddit-Body 35,776 286,561 31 December 2013–30 April 2017 Weekly 178
UCI-Message 1,899 59,835 15 April 2004–26 October 2004 Weekly 29
Bitcoin-OTC 5,881 35,592 8 November 2010–24 January 2016 Weekly 279
Bitcoin-Alpha 3,783 24,186 7 November 2010–21 January 2016 Weekly 274

to capture temporal information by incorporating either a GRU or an LSTM layer. GCRN uses a
ChebNet [8] for spatial information and separate GNNs to compute different gates of RNNs. The
(6) GCRN-Baseline first builds node features using a Chebyshev spectral graph convolution layer
to capture spatial information, then feeds these features into an LSTM cell to extract temporal
information [47]. The (7) ROLAND views the node embeddings at different layers in the GNNs
as hierarchical node states, which it updates recurrently over time. It integrates advanced design
features from static GNNs and enables lively updating. Throughout our experiments, we use the
GRU-based ROLAND which is shown to perform better than the others [65].
To evaluate the effectiveness of explainability, we compare DyExplainer with GNNExplainer

[63] and a gradient-based method (Grad). (1) GNNExplainer is a post hoc state-of-the-art method
providing explanations for every single instance. (2). Grad learns weights of edges by computing
gradients of the model’s objective function w.r.t. the adjacency matrix.

5.1.3 Metrics. For measuring link prediction performance, we use the standardMean Recip-
rocal Rank (MRR). For evaluating the faithfulness of explainability, we mainly use the Fidelity
score of probability [68]. We let GC = {VC , EC } be the graph at the snapshot t, with VC a set of
vertices and EC a set of edges. For snapshot t, there is a set of edges E′C needed to make predictions.
After training the DyExplainer, we obtain an explanation mask SC ∈ {0, 1}=×= for the snapshot
GC , with each element 0 or 1 to indicate whether the corresponding edge is identified as important.
According to SC we obtain the important edges in GC to create a new graph ĜC . The Fidelity score
is computed as

�834;8C~ =
1��E′C ��

��E′C ��∑
8=1

���5 (GC )4′
8
− 5

(
ĜC

)
4′
8

��� , (12)

where
��E′C �� is the number of edges need to predict, 5

(
GC

)
4′
8
means the predicted probability of edge

4′8 ∈ E′C . We follow [42, 67] to compute the Fidelity scores at different sparsity given by

(?0AB8C~ = 1 − |SC |
|EC |

, (13)

where |SC | is the number of important edges identified in SC and |EC | means the number of
edges in GC .

5.1.4 Implementation Details. To ensure a fair comparison, all methods were trained through
live updating as outlined in [65]. The evaluation is supposed to happen at each snapshot; however,
models trained on streaming data are not stabilized in the early stages. In the real world, we usually
have more interest in the predictions of more recent snapshots. Therefore, we report the average of
MRR of the most recent 60% snapshots. The hyper-parameter space of the DyExplainer model is
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Table 3. Comparison of MRR for the DyExplainer and the Baselines

AS-733 Reddit-Title Reddit-Body UCI-Message Bitcoin-OTC Bitcoin-Alpha

EvolveGCN-H 0.263 ± 0.098 0.156 ± 0.121 0.072 ± 0.010 0.055 ± 0.011 0.081 ± 0.025 0.054 ± 0.019
EvolveGCN-O 0.180 ± 0.104 0.015 ± 0.019 0.093 ± 0.022 0.028 ± 0.005 0.018 ± 0.008 0.005 ± 0.006
GCRN-GRU 0.337 ± 0.001 0.328 ± 0.005 0.204 ± 0.005 0.095 ± 0.013 0.163 ± 0.005 0.143 ± 0.004
GCRN-LSTM 0.335 ± 0.001 0.343 ± 0.006 0.209 ± 0.003 0.107 ± 0.004 0.172 ± 0.013 0.146 ± 0.008
GCRN-Baseline 0.321 ± 0.002 0.342 ± 0.004 0.202 ± 0.002 0.090 ± 0.011 0.176 ± 0.005 0.152 ± 0.005

TGCN 0.335 ± 0.001 0.382 ± 0.005 0.234 ± 0.004 0.080 ± 0.015 0.080 ± 0.006 0.060 ± 0.014
ROLAND 0.330 ± 0.004 0.384 ± 0.013 0.342 ± 0.008 0.090 ± 0.010 0.189 ± 0.008 0.147 ± 0.006

DyExplainer 0.341 ± 0.000 0.383 ± 0.002 0.335 ± 0.010 0.109 ± 0.004 0.194 ± 0.002 0.164 ± 0.002

SDs are obtained by repeating each model training five times. For each dataset, the two best cases are boldface.

similar to the hyper-parameter space of the underlying static GNN layers. For all methods, the node
state hidden dimensions are set to 128 with GNN layers featuring skip connection, sum aggregation,
and batch normalization. The training of DyExplainer in each timestep has two parts, the updating
of ROLAND backbone, and the updating of explainable modules. Training DyExplainer at each
timestep consists of two parts: updating the ROLAND backbone and updating the explainable
modules. The ROLAND backbone is trained for a maximum of 100 epochs at each timestep with
early stopping, followed by fine-tuning the explainable module for an additional four epochs in all
experiments. During training, the batch size is set to 32. We use Adam for optimization with the
initial learning rate set to 0.003 and weight decay set to 0.0005, for both the ROLAND backbone
and the explainable modules of our method. In the attention modules, the slope in LeakyReLU is
set to 0.2. We follow the practice in [15] to adopt the exponential decay strategy by starting the
training with a high temperature of 1.0 and annealing to a small value of 0.1. For each dataset, we
adhere to the parameter settings used for the ROLAND backbone in [65]. Specifically, we set the
hidden dimension for the structural and temporal attention modules to 8, the buffer size for the
explainable module to 3, and the regularization tradeoff parameter U within the range (0,1).

5.1.5 Computing Environment. We implemented all models using PyTorch [38], PyTorch Geo-
metric [9], and Scikit-learn [39]. All datasets used in the experiments are obtained from [21]. We
conduct the experiments on a server with four NVIDIA RTX A6000 GPUs (48 GB memory each).

5.2 Link Prediction Performance
Table 3 showcases the MRR results for all compared methods on all datasets, which were all trained
through live updating. The results are obtained by averaging the MRR of the most recent 60%
snapshots on the test datasets. The buffer size for DyExplainer was set to five across all datasets,
and the attention module was fine-tuned for four epochs. The tradeoff parameter U is set to 0.5
for AS-733, Reddit-Body, and UCI-Message; 0.2 for Reddit-Title; 0.6 for Bitcoin-OTC; and 0.8 for
Bitcoin-Alpha.The ROLANDmethod outperforms the other baselines onmost datasets. DyExplainer
surpasses the best baseline on four datasets, showing a 7.89% improvement on Bitcoin-Alpha, and
performs similarly to the best baseline on the remaining datasets. This effectively demonstrates the
Rashomon set theory [44, 60] and highlights the benefits of seeking a simple and understandable
model, which can result in improved robustness and better overall performance.

5.3 Ablation Study
To present deep insights into the proposed method, we conducted multiple ablation studies on
the six datasets to empirically verify the effectiveness of the proposed explainable aggregations
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Fig. 4. Ablation studies on six datasets.

and the contrastive regularizations. Specifically, we compare DyExplainer with variants. (1) w/o
structural attention and w/o temporal attention are the DyExplainer without one of the attention
modules in the explainable aggregations. (2) w/o consistency regularization and w/o continu-
ity regularization refers to DyExplainer without one of the contrastive regularization terms in
the loss.

We show the comparison between DyExplainer and the ablation variants in Figure 4. From the
figure, we observe that: (1) the performance of w/o structural attention is much worse than w/o
temporal attention; (2) the performance of w/o consistency regularization is much worse than
w/o continuity regularization. It is evident from both (1) and (2) that the topological information
within a single snapshot holds greater sway over the prediction outcome, as compared to the
temporal dependencies that exist between snapshots. (3) The results of the ablation studies per-
formed on regularization and attention further reinforce the superiority of our approach over these
alternatives.

5.4 Explanations Performance
In order to demonstrate the reliability of the explanations provided by DyExplainer, we conduct
quantitative evaluations that compare our approach with various baselines across six datasets
characterized by a limited number of edges: AS-733, Reddit-Title, Reddit-Body, UCI-Message,
Bitcoin-OTC, and Bitcoin-Alpha. Specifically, we adopt the Fidelity vs. Sparsity metrics for our
evaluation, in accordance with the methodology described in [42, 68]. The Fidelity metric assesses
the accuracy with which the explanations reflect the significance of various factors to the model’s
predictions, while the Sparsity metric quantifies the proportion of structures that are deemed
critical by the explanation techniques. For a fair comparison, for all three methods, we use a trained
dynamic GNN [65] as the base model to calculate the predicted probability.
The baseline method, GNNExplainer, was not originally developed for dynamic graph settings.

Nevertheless, for a fair comparison, we assess the Fidelity of both DyExplainer and GNNExplainer
using only the graph at the final snapshot, despite the fact that DyExplainer provides explanations
for all snapshots stored in a buffer. GNNExplainer identifies the most influential nodes within a
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Fig. 5. The quantitative studies for different explanation methods on six datasets.

k-hop neighborhood and generates a mask to highlight these nodes for a given prediction node. As
our DyExplainer provides a global attention mechanism for the entire graph, for a fair comparison,
we calculate the average Fidelity of each mask produced by GNNExplainer with respect to all of
the edges. To obtain the Fidelity and Sparsity metrics for each mask, we select a subset of the
top-ranked edges based on the weights from the explanation mask and use this subset to create a
new graph. The Fidelity of an edge is defined as the difference between the predicted probability of
that edge on the new graph and the global graph. For DyExplainer, we directly select the top-ranked
edges based on the attention weights to form a new graph, as there is only one global attention
mechanism that provides the explanation.
The comparisons of Fidelity and Sparsity are presented in Figure 5. The evaluation of various

methods is based on their Fidelity scores under comparable levels of Sparsity, as the Sparsity level
cannot be precisely controlled. From the figure, we see that for all six datasets, the Fidelity of these
methods increases as Sparsity increases. This is due to the calculation of Fidelity as the difference
between the predicted probability of the model on the reduced graph and the original graph,
leading to higher Fidelity values with greater Sparsity. Furthermore, GNNExplainer demonstrates
superior Fidelity compared to Grad on AS-733, Reddit-Title, Bitcoin-OTC, and Bitcoin-Alpha, while
performing similarly on Reddit-Body and UCI-Message. Additionally, DyExplainer outperforms
both methods on all six datasets at varying Sparsity levels, revealing that it provides more accurate
explanations.

5.5 Hyper-parameter Analysis
The tradeoff parameter U in Equation (11) controls the strength of consistency and continuity
regularizations. We analyze the performance of DyExplainer with respect to U on datasets AS-
733, Reddit-Title, and Reddit-Body in Figure 6. The figure shows that as U increases, the MRRs of
DyExplainer initially improve but then decline as U continues to increase.
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Fig. 6. Analysis of parameter U .

Fig. 7. Heat map of edge importance over time. We sample some edges shared by continuous snapshots and
show their attention values. 0.0 means this edge does not appear in this snapshot.

5.6 Case Study I
To show the evolving and continuity of underlying patterns the DyExplainer detects from the
dynamic graph, we visualize the attention values of some edges at different snapshots on the Bitcoin-
Alpha dataset in Figure 7. From this figure, we observe that the edges (192, 62), (193, 295), (203, 297),
and (232, 192) have close importance on snapshots 1–3. It indicates the temporal continuity of
edge importance exists in dynamic graphs and our intuition is reasonable. The edges (175, 100),
(192, 62), and (468, 462) are less important at snapshots 1–3 while becoming more important at
snapshot 7. It infers that the importance of an edge is evolving along with the timesteps.

5.7 Case Study II
We further visualize the temporal attention to show which historical snapshot has more influence
on the current. The importance of snapshots provided by the temporal attention is shown in
Figure 8. From the figure, we see that the most important snapshot to the current is snapshot 32.
To see how the patterns have an effect, we randomly pick an edge (623, 26) at snapshot 35 to

investigate the local structure of this edge at snapshot 32. The visualization of nodes 623 and 26 is
shown in Figure 9. Note that these two nodes are unconnected at snapshot 32. The widths of edges
are according to the weights of structural attention. Thicker ones mean large weights. From the
figure, we can find that there are three clusters of substructures with larger weights, which can be
viewed as important patterns that DyExplainer detects.
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Fig. 8. Heat map of temporal importance over time. The current snapshot is at 35. The buffer size is set to 10.
It means we consider the importance of the previous snapshot from 27 to 34.

Fig. 9. Local structure of nodes 26 and 623 on snapshot 32. The red points are the two nodes we study, and
the orange points are their 3-hop neighborhoods. The green edges are obtained from the structural attention
weights at snapshot 32.

6 Discussion
In this work, we tackle the challenge of developing explainable dynamic GNNs, with our approach
built upon the foundational architecture of GNNs. Recently, the rapid advancements in Large
Language Models (LLMs) have led to impressive success in processing natural language across
various domains. In this era of LLMs, numerous efforts have been made to leverage these models
to enhance GNN-based architectures for downstream tasks. For example, some modern studies
have investigated the integration of GNNs with LLMs to more effectively capture and enrich the
textual attributes embedded within graphs [2, 4, 26, 50, 62, 72]. Alternative approaches have sought
to represent graphs linguistically for direct processing by LLMs, such as [5, 10, 13, 55]. Recent
mainstream works also explored aligning graphs as node token sequences with natural language
token sequences when inputting them to LLMs. These approaches discard the traditional graph
encoder and adopt a specific arrangement of graph token sequences, along with carefully designed
embeddings of graph tokens in prompts. InstructGLM [62] combines natural language instructions
with graph embeddings to fine-tune LLMs. GraphGPT [49] integrates text descriptions with a self-
supervised graph transformer to incorporate graph data into LLMs. LLaGA [3] adopts node-level
templates to restructure graph data into organized sequences, which are then mapped into the
token embedding space. This approach helps guide LLMs in processing graph-structured data with
improved explainability. While LLM-enhanced graph learning has shown promising results across
various downstream graph-related tasks and provided valuable insights for graph explainability,
most of these efforts focus on static graphs. Addressing the challenges of explaining dynamic
graphs with evolving structures using LLMs necessitates more efficient interactions between graph
token sequences and LLM token sequences, a direction we leave for future work.
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7 Conclusion
GNNs have become a popular research topic due to their ability to capture representations from
graph-structured data. However, the intrinsic black-box nature of these models poses a considerable
challenge, hindering their practical use in crucial scenarios where trust and transparency are of ut-
most importance. Despite the commendable efforts aimed at explaining GNNs, much of the existing
work is limited to static graphs, leaving the explanation of dynamic GNNs largely underexplored.
To address this issue, we present DyExplainer, a pioneering approach to explaining dynamic GNNs
in real-time. DyExplainer leverages a dynamic GNN backbone to extract representations at each
snapshot, concurrently exploring structural relationships and temporal dependencies through a
sparse attention mechanism. To ensure structural consistency and temporal continuity in the expla-
nation, our approach incorporates contrastive learning techniques and a buffer-based live-updating
scheme. The results of our experiments showcase the superiority of DyExplainer, providing a
faithful explanation of the model predictions while concurrently improving the accuracy of the
model, as evidenced by the link prediction task.
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