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Abstract

Dynamic graph learning plays a pivotal role in modeling
evolving relationships over time, especially for temporal link
prediction tasks in domains such as traffic systems, social net-
works, and recommendation platforms. While Transformer-
based models have demonstrated strong performance by cap-
turing long-range temporal dependencies, their reliance on
self-attention results in quadratic complexity with respect to
sequence length, limiting scalability on high-frequency or
large-scale graphs. In this work, we revisit the necessity of
self-attention in dynamic graph modeling. Inspired by recent
findings that attribute the success of Transformers more to
their architectural design than attention itself, we propose
GLFormer, a novel attention-free Transformer-style frame-
work for dynamic graphs. GLFormer introduces an adaptive
token mixer that performs context-aware local aggregation
based on interaction order and time intervals. To capture long-
term dependencies, we further design a hierarchical aggre-
gation module that expands the temporal receptive field by
stacking local token mixers across layers. Experiments on six
widely used dynamic graph benchmarks show that GLFormer
achieves competitive or superior performance, which reveals
that attention-free architectures can match or surpass Trans-
former baselines in dynamic graph settings with significantly
improved efficiency.

Introduction
Graph-structured data is prevalent in numerous real-world
applications, such as traffic systems (Ji et al. 2022; Jin et al.
2024), social networks (Zhou et al. 2023; Jain, Katarya,
and Sachdeva 2023), and recommendation systems (Jiang,
Huang, and Huang 2023; Zhang et al. 2023). In these graphs,
nodes interact over time, forming temporally ordered se-
quences of events that govern the evolution of the network.
Effectively modeling such dynamics is critical for tasks like
future link prediction, recommendation, and fraud detection.

A growing line of research has adopted Transformer-
based architectures for dynamic graph learning due to
their strong capacity for capturing long-range dependencies
across sequences of interactions (Wang et al. 2021a; Yu
et al. 2023; Vaswani et al. 2017). By attending over time-
stamped neighbors, these models can learn expressive rep-
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Figure 1: Illustration of a dynamic graph G that evolves from
t0 to t8 in (a). We aim to predict whether u2 will interact
with u1 at timestamp t9. (b) To capture the temporal depen-
dencies among neighbors, existing works use self-attention
mechanisms to learn these correlations.

resentations for evolving nodes. Existing approaches com-
monly follow a structured pipeline: capture the structural in-
formation from temporal graphs by using time-aware ran-
dom walks (Nguyen et al. 2018; Yu, Liao, and Luo 2024),
and memory networks (Kumar, Zhang, and Leskovec 2019;
Rossi et al. 2020); then apply Transformers (Yu et al. 2023;
Pan et al. 2025) to learn temporal dependencies across the
historical interaction sequences.

Figure 1 illustrates a dynamic graph link prediction task
and the common modeling practice using temporal attention.
However, the self-attention mechanism scales quadrat-
ically with sequence length, posing computational chal-
lenges for large-scale or high-frequency graphs. Moreover,
attention indiscriminately aggregates all pairwise interac-
tions, which can amplify noise and degrade generalization.

Interestingly, recent studies in computer vision and se-
quence modeling (Yu et al. 2022, 2024) have shown that the
success of Transformer architectures may stem more from
their overarching structure than the self-attention mecha-
nism itself. This observation raises an important question:
Is it possible to design simpler, attention-free architectures
for dynamic graphs that still retain strong representational
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Figure 2: Average precision results for dynamic link prediction with three types of token aggregation mechanisms.

power? To explore this, we conduct controlled experiments
by replacing self-attention with pooling and MLP modules
across five Transformer baselines. As shown in Figure 2,
these attention-free variants often match the original Trans-
former’s performance across four datasets. This suggests
that efficient architectures for dynamic graph learning can be
achieved without the computational overhead of attention.

Motivated by these insights, we propose GLFormer, a
lightweight Transformer-style model for dynamic graphs.
Instead of self-attention, GLFormer adopts an adaptive to-
ken mixer that aggregates tokens based on their temporal
order and time intervals, allowing the model to capture local
temporal context in a more efficient and structured manner.
To further enhance representation power, we introduce a hi-
erarchical aggregation module that expands the temporal
receptive field by stacking token mixers across layers. This
combination effectively models both short- and long-range
dependencies with significantly lower computational cost.
The contributions are as follows.

• We propose GLFormer, a lightweight Transformer-style
framework for dynamic graph learning. It replaces self-
attention with an adaptive token mixer that leverages
temporal order and interaction intervals, improving effi-
ciency and robustness on evolving neighbor sequences.

• We introduce a hierarchical aggregation mechanism
that progressively expands the temporal receptive field,
enabling the model to capture long-range dependencies
without incurring the cost of global attention.

• We conduct comprehensive experiments on six dynamic
graph datasets. GLFormer consistently outperforms ex-
isting methods (e.g., TGAT, DyGFormer) in link predic-
tion accuracy, while offering significantly faster infer-
ence, demonstrating its practicality and effectiveness.

Preliminaries
Problem Formulation
Definition 1. Dynamic Graph. Given a set of nodes V ,
the dynamic graph, denoted as Gtk , is a sequence of times-
tamped interactions: Gtk = {(u1, v1, t1), . . . , (uk, vk, tk)},
where ui, vi ∈ V and 0 ≤ t1 ≤ . . . ≤ tk. For an interac-
tion ei = (ui, vi, ti) that appears at timestamp ti, ui and vi
represent the source node and destination node respectively.
Each node ui in the graph is equipped with a node feature
xui

∈ RdN and each interaction ei is associated with an

edge feature xei ∈ RdE , where RdN ,RdE denote the di-
mensions of node and edge features.

Definition 2. Dynamic Link Prediction. Given the in-
teraction e = (u, v, t), dynamic graph learning aims to
design a model for learning the temporal representations
Zt

u,Z
t
v for nodes u and v based on all past interactions

{(ui, vi, ti) ∈ G|ti < t}. The ultimate goal of dynamic link
prediction is to forecast whether the interaction e will take
place at time t, that is, to determine if (u, v, t) ∈ G.

Transformer Architecture
In dynamic graph learning, the Transformer architec-
ture (Vaswani et al. 2017) is widely used to encode tempo-
ral neighborhood sequences. For instance, TGN (Rossi et al.
2020) and TGAT (Xu et al. 2020) stack K attention lay-
ers to aggregate information from K-hop neighbors, while
DyGFormer (Yu et al. 2023) leverages the Transformer to
capture long-term temporal dependencies from first-order
neighborhoods. We here present a generic formulation of the
Transformer-based embedding module for dynamic graphs.

Let H = [h1, . . . ,hN ] ∈ RN×d denote the sequence
of node ui’s neighbor embeddings. Single-head scaled dot-
product attention computes

Q = HWQ, K = HWK , V = HWV , (1)

αi,j =

exp

(
qik

⊤
j√

dk

)
∑N

m=1 exp
(

qik⊤
m√

dk

) , (2)

hSA
i =

N∑
j=1

αi,j vj , (3)

where WQ,WK ∈ Rd×dk and WV ∈ Rd×dv are learnable
parameters; qi,kj ∈Rdk and vj ∈Rdv . Stacking hSA

i over i
yields HSA ∈ RN×dv . In compact matrix form,

Attn(H) = softmax
(
QK⊤/

√
dk

)
V , (4)

where the softmax is applied row-wise.
We then project the attention output back to the model

dimension and apply a residual connection, followed by a
feed-forward network (FFN) with layer normalization (LN):

Ĥ = H +HSAWO, WO ∈ Rdv×d, (5)

HTA = Ĥ + FFN
(
LN(Ĥ)

)
. (6)
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Figure 3: Framework of GLFormer.

When dv = d, Equation (5) reduces to Ĥ = H + HSA.
The multi-head extension uses head-specific projections
{W (h)

Q ,W
(h)
K ,W

(h)
V }Hh=1, concatenates head outputs, and

applies a shared output projection WO.

Methodology
In this section, we introduce GLFormer, an efficient Trans-
former framework designed for learning temporal depen-
dencies in dynamic graphs. Specifically, given a node’s se-
quence of neighbors, we first obtain the representations of
each neighbor through an embedding layer, which is de-
rived from existing dynamic graph learning methods. Sub-
sequently, we employ a unified Transformer framework to
capture the temporal dependencies among these neighbors.
This framework accepts a sequence of token representations
as input and incorporates adaptive token-wise aggregation
alongside a standard channel-wise feedforward network. To
effectively model long-term relationships with neighbors,
we propose a hierarchical aggregation mechanism. Ulti-
mately, GLFormer outputs the temporal representations of
the sequence, enabling accurate link prediction.

GLFormer
Previous research has successfully applied Transformer ar-
chitectures to model long-range dependencies in various
fields, such as computer vision (Dosovitskiy et al. 2021;
Steiner et al. 2022; Rao et al. 2022), natural language pro-
cessing (Patel et al. 2023; Devlin et al. 2019), and time series
(Wang, Chen, and Chen 2024; Wang et al. 2024; Ni et al.
2023). Recent works (Yu et al. 2022, 2024) have observed
that the impressive performance often stems from the gen-
eral architecture rather than the self-attention mechanism it-
self and replaced the self-attention module with relatively
low-complexity components. Inspired by these findings, we
investigate the utility of the self-attention mechanism in dy-
namic graph learning and find a similar tendency, as illus-
trated in Figure 2. Therefore, we propose a simplified yet
efficient Transformer architecture for dynamic graphs.

Firstly, given an interaction e = (u, v, t), we derive the
initial embeddings of nodes from the embedding module of
existing temporal graph learning methods. These methods
employ different types of embedding processes, such as tem-
poral random walks, memory-based updating mechanisms,
and Multi-Layer Perceptrons (MLPs). The process can be
generalized as follows,

Xu = fE (Gt− , u) , (7)

where fE(·) denotes the embedding function and Xu is the
initial embedding of node u.1

After obtaining the embeddings of the nodes, we utilize
GLFormer to capture the temporal relationships across the
entire graph. The input Iu = [Xu1 , . . . ,XuN

] ∈ RN×d

represents the embeddings of node u’s neighbors, where N
indicates the number of neighbors and d is the embedding
dimension. GLFormer comprises two sub-blocks: a token
mixer that aggregates information from the tokens and a
channel mixer that learns the relationships between these to-
kens, with each block incorporating a residual network to
integrate the inputs seamlessly.

Adaptive Token Aggregation Module. Existing meth-
ods utilize the standard attention mechanism to aggregate
temporal information among tokens, as illustrated in Equa-
tion (3). This can be interpreted as a spatial smoothing tech-
nique, corroborated by findings in several studies (Liu et al.
2021; Park and Kim 2022). In dynamic graph learning, re-
cent neighbors inherently provide the most relevant and in-
formative interaction patterns. To smooth the information,
we propose an adaptive local aggregation mechanism that
considers both the timing and order of interactions. Specif-
ically, for each neighbor ui interacting at ti, we first select
the most recent M neighbors up to ti for aggregation. We
employ learnable parameters W to capture the importance
of order, while the significance of timing θi is measured by
applying a softmax function to the relative time differences.
We fuse these two critical factors with a learnable parameter
β, as shown below,

Hi,: =
M−1∑
p=0

αi
pIi−p,:, (8)

αi
p = βwp + (1− β)θip, (9)

θip =
exp

(
−
(
ti − ti−p

))∑M−1
q=0 exp

(
−

(
ti − ti−q

)) , (10)

where the neighbor ui’s representation Hi,: is obtained via
a weighted average of neighboring embeddings Ii−p,:, with
scores αi

p determined by both local learnable parameters wp

and a time-based factor θip. For positions near the beginning
of the sequence that have fewer than M past neighbors, the
summations above are taken only over valid indices with
i − p ≥ 1, and the remaining terms are omitted. This ap-
proach not only leverages historical context but also allows

1Note that the initial embeddings should be Xt−
u , we ignore the

timestamp t− in the following for simplification.

16577



for dynamic adjustments based on specific temporal rela-
tionships, thereby enhancing the model’s capacity to learn
temporal dependencies.

Channel Aggregation Module. The channel aggregation
process is consistent with the method outlined in Equation
(6), which models the dependencies across different chan-
nels. Hence, we obtain the overall output with the stacked
L GLFormer layers, represented as H(L)

TA ∈ RN×d. We em-
ploy a mean-aggregated operator to generate the temporal
representations of nodes, which is calculated as follows:

Zu =
1

N

N∑
i=1

H
(L)
TA,i,:. (11)

Hierarchical Aggregation Mechanism
In addition to learning local information from neighboring
sequences, long-range temporal dependencies are essential
for grasping evolving patterns in dynamic graphs. Drawing
inspiration from dilated causal convolution (Yu and Koltun
2016), we progressively select various positions and the
number of neighbors for aggregation as the layer deepens,
thereby expanding the receptive field. Concretely, let the
layer-wise offsets be defined by Rl = { p ∈ Z | sl−1 ≤
p ≤ sl }. The kernel size, Kl = sl−sl−1+1 also determines
the number M of most recent neighbors considered by the
token mixer at layer l (i.e., M = Kl). The aggregation pro-
cess is defined as follows:

H
(l)
i,: =

∑
p∈Rl

(
αi
p

)(l)
H

(l−1)
TA, i−p : , (12)

where H(l)
i,: denotes the aggregated representation for neigh-

bor ui at the l-th layer’s token mixer, and
(
αi
p

)(l)
are

scores that modulate the influence of previous time steps
H

(l−1)
TA, i−p :. Causally invalid indices (i− p < 1) are masked

before computing the scores. This formulation aggregates
contributions from a contiguous range of past time steps and
enlarges the receptive field as l increases.

The hierarchical structure effectively captures both short-
term dynamics and long-term dependencies within the data.
By utilizing multiple layers, we empower the model to
learn complex relationships across various temporal scales,
thereby enhancing its ability to generalize across different
sequences and improve performance on temporal tasks.

Model Training Process
Given the interaction e = (ui, vj , t), we obtain the proba-
bility of predicted interaction via an MLP operator based on
their temporal representations Zui

and Zvj
. The process is:

zui,vj ,t = K2

(
ReLU

(
K1([Zui

;Zvj
])
))

, (13)

where K1,K2 are learnable parameters and ReLU(·) is the
activation function.

We approach dynamic link prediction as a temporal bi-
nary classification problem, where the presence or absence
of a link at time t is the label. For an interaction (ui, vj , t),

the ground truth is yui,vj ,t ∈ {0, 1}, with yui,vj ,t = 1 in-
dicating that a link exists between ui and vj at time t. We
adopt a 1:1 negative sampling strategy: for each positive
(ui, vj , t) ∈ G+, we sample vk ∼ Pn(V \ {vj}) and form
a negative (ui, vk, t) ∈ G−. Let zui,vj ,t be the score output
by the link predictor and ŷui,vj ,t = σ(zui,vj ,t) the predicted
probability (with σ the sigmoid function). We train by mini-
mizing binary cross-entropy on probabilities:

L = −
∑

(ui,vj ,t)∈G+ log ŷui,vj ,t −
∑

(ui,vk,t)∈G− log
(
1− ŷui,vk,t

)
(14)

Complexity Analysis
Let N be the sequence length and Kl = |Rl| = sl −
sl−1 + 1 the layer-l kernel size. Our mixer computes one
score

(
αi
p

)(l)
per offset p ∈ Rl and one score-weighted sum

per position i, without pairwise interactions within the win-
dow. Hence the per-layer time complexity is O(NKld) ≈
O(NKl), the number of kernel parameters per layer is
O(Kl) for {w(l)

p }. Stacking L layers yields total time
O
(∑L

l=1 NKl

)
. This is markedly cheaper than full self-

attention O(N2) while expanding the receptive field by en-
larging the gapped interval Rl across layers.

Experiments
We conduct experiments on six benchmarks to evaluate the
effectiveness and efficiency of our approaches.

Datasets and Baselines
Datasets. This study employs six publicly available
datasets, each providing unique insights into user interac-
tions and behaviors: Wikipedia, Reddit, MOOC, LastFM,
SocialEvo, and Enron, collected in (Poursafaei et al. 2022).

Backbones. We apply our method to several recent
continuous-time dynamic graph learning models. These
backbones span various techniques, including memory net-
works (i.e., TGN (Rossi et al. 2020)), graph convolutions
(i.e., TGAT (Xu et al. 2020)), random walks (i.e., CAWN
(Wang et al. 2021b)), and sequential models (i.e., TCL
(Wang et al. 2021a), and DyGFormer (Yu et al. 2023)).

Baselines. For comparison, we replace the Transformer’s
self-attention with either a pooling or Multi-Layer Percep-
tron (MLP) module, keeping the rest of the architecture con-
sistent with the vanilla version. The token mixer input is de-
noted as Iu = [Xu1

, . . . ,XuN
] ∈ RN×d, where Xui

is the
embedding of node u’s i-th neighbor, N is the number of
neighbors, and d is the embedding dimension. The aggrega-
tion methods are as follows:

• Pooling. We apply an average pooling operation over the
most recent s neighbors to generate fused representations
for each node, effectively capturing both temporal and
structural information. The number of selected neighbors
is consistent with the configuration used in our model.
The pooling operation is defined as:

Huj
=

1

s

j∑
i=j−s+1

Xui
. (15)
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Metric Backbone Method Datasets RankWikipedia Reddit MOOC LastFM SocialEvo Enron

AP

TGN
Vanilla 98.45 ± 0.02 98.63 ± 0.06 89.15 ± 1.60 77.07 ± 3.97 93.57 ± 0.17 87.50 ± 0.90 3.17
Pooling 98.27 ± 0.14 98.64 ± 0.04 91.86 ± 0.48 85.54 ± 1.77 93.47 ± 0.33 85.90 ± 1.60 2.83

MLP 98.52 ± 0.09 98.60 ± 0.09 91.86 ± 0.62 86.38 ± 1.25 93.70 ± 0.00 87.46 ± 1.01 2.17
GLFormer 98.71 ± 0.02 98.71 ± 0.02 91.14 ± 0.56 84.96 ± 1.94 93.91 ± 0.10 88.48 ± 0.48 1.67

TCL
Vanilla 96.47 ± 0.16 97.53 ± 0.02 82.38 ± 0.24 74.75 ± 3.77 93.13 ± 0.16 79.70 ± 0.71 3.33
Pooling 95.47 ± 0.12 97.78 ± 0.02 81.00 ± 0.29 71.45 ± 0.53 93.33± 0.17 85.04 ± 0.44 3.5

MLP 97.69 ± 0.06 98.67 ± 0.06 84.15 ± 1.19 74.16 ± 5.03 93.48 ± 0.21 85.57 ± 0.29 2
GLFormer 97.72 ± 0.05 97.89 ± 0.05 84.29 ± 1.46 76.66 ± 2.22 93.68 ± 0.16 85.88 ± 0.18 1.17

TGAT
Vanilla 96.94 ± 0.06 98.52 ± 0.02 85.84 ± 0.15 73.42 ± 0.21 93.16 ± 0.17 71.12 ± 0.97 3
Pooling 96.91 ± 0.08 98.31 ± 0.05 86.34 ± 0.19 73.85 ± 0.03 92.98 ± 0.07 71.07 ± 0.66 3.5

MLP 97.01 ± 0.11 98.39 ± 0.02 86.34 ± 0.31 74.12 ± 0.16 93.20 ± 0.14 72.53 ± 0.17 2.17
GLFormer 97.05 ± 0.10 98.42 ± 0.02 86.61 ± 0.16 74.24 ± 0.46 93.24 ± 0.07 75.48 ± 0.55 1.17

CAWN
Vanilla 98.76 ± 0.03 99.11 ± 0.01 80.15 ± 0.25 86.99 ± 0.06 84.96 ± 0.09 89.56 ± 0.09 2.83
Pooling 98.68 ± 0.02 99.08 ± 0.01 82.65 ± 0.15 87.44 ± 0.13 84.88 ± 0.42 90.08 ± 0.09 3

MLP 98.80 ± 0.01 99.10 ± 0.01 82.86 ± 0.21 87.58 ± 0.04 85.26 ± 0.17 90.20 ± 0.02 1.33
GLFormer 98.67 ± 0.07 99.10 ± 0.00 81.37 ± 0.01 87.72 ± 0.32 84.96 ± 0.04 89.58 ± 0.16 2.5

DyGFormer
Vanilla 99.03 ± 0.02 99.22 ± 0.01 87.52 ± 0.49 93.00 ± 0.12 94.73 ± 0.01 92.47 ± 0.12 2.17
Pooling 99.00 ± 0.01 99.04 ± 0.02 84.91 ± 0.39 93.20 ± 0.03 94.71 ± 0.03 92.38 ± 0.11 3.17

MLP 99.00 ± 0.03 99.01 ± 0.06 85.27 ± 0.30 93.30 ± 0.04 94.66 ± 0.12 92.36 ± 0.10 3.33
GLFormer 99.03 ± 0.01 99.24 ± 0.00 87.87 ± 0.50 93.34 ± 0.16 94.76 ± 0.01 92.62 ± 0.06 1

AUC-ROC

TGN
Vanilla 98.37 ± 0.02 98.60 ± 0.06 91.21 ± 1.15 78.47 ± 2.94 95.39 ± 0.17 89.40 ± 0.81 3.17
Pooling 98.19 ± 0.14 98.61 ± 0.04 93.50 ± 0.41 85.67 ± 1.42 95.24 ± 0.35 87.74 ± 1.68 2.83

MLP 98.44 ± 0.09 98.24 ± 0.14 93.36 ± 0.60 86.23 ± 1.30 95.59 ± 0.01 89.05 ± 0.78 2.33
GLFormer 98.66 ± 0.02 98.66 ± 0.02 92.58 ± 0.31 85.18 ± 1.78 95.70 ± 0.10 90.04 ± 0.69 1.67

TCL
Vanilla 95.84 ± 0.18 97.42 ± 0.02 83.12 ± 0.18 69.58 ± 3.96 94.84 ± 0.17 75.74 ± 0.72 3.33
Pooling 94.97 ± 0.14 97.70 ± 0.02 82.13 ± 0.28 66.08 ± 0.66 95.18 ± 0.24 83.26 ± 0.78 3.5

MLP 97.20 ± 0.09 98.65 ± 0.06 84.25 ± 0.79 69.16 ± 3.63 95.62 ± 0.15 83.55 ± 0.64 1.83
GLFormer 97.27 ± 0.09 97.79 ± 0.04 84.40 ± 1.04 71.05 ± 2.21 95.31 ± 0.22 84.00 ± 0.26 1.33

TGAT
Vanilla 96.67 ± 0.07 98.47 ± 0.02 87.11 ± 0.19 71.59 ± 0.18 94.76 ± 0.16 68.89 ± 1.10 3.33
Pooling 96.70 ± 0.09 98.25 ± 0.07 87.77 ± 0.22 71.85 ± 0.12 94.55 ± 0.11 69.57 ± 0.69 3.17

MLP 96.76 ± 0.12 98.32 ± 0.03 87.75 ± 0.30 72.17 ± 0.04 94.89 ± 0.09 69.92 ± 0.21 2.33
GLFormer 96.81 ± 0.11 98.34 ± 0.02 87.81 ± 0.21 72.39 ± 0.21 94.94 ± 0.05 72.56 ± 0.99 1.17

CAWN
Vanilla 98.54 ± 0.04 99.01 ± 0.01 80.38 ± 0.26 85.92 ± 0.10 87.34 ± 0.08 90.45 ± 0.14 2.83
Pooling 98.42 ± 0.03 98.98 ± 0.01 83.03 ± 0.09 86.29 ± 0.12 87.21 ± 0.56 90.74 ± 0.07 3.17

MLP 98.61 ± 0.03 99.01 ± 0.01 83.13 ± 0.31 86.44 ± 0.05 87.55 ± 0.13 90.83 ± 0.02 1.17
GLFormer 98.44 ± 0.14 99.00 ± 0.01 81.60 ± 0.02 86.76 ± 0.22 87.37 ± 0.03 90.45 ± 0.14 2.5

DyGFormer
Vanilla 98.91 ± 0.02 99.15 ± 0.01 87.91 ± 0.58 93.05 ± 0.10 96.30 ± 0.01 93.33 ± 0.13 2.17
Pooling 98.89 ± 0.01 98.94 ± 0.07 86.22 ± 0.39 93.11 ± 0.03 96.28 ± 0.04 93.33 ± 0.07 2.83

MLP 98.88 ± 0.03 98.88 ± 0.05 86.11 ± 0.39 93.21 ± 0.03 96.26 ± 0.10 93.15 ± 0.14 3.67
GLFormer 98.91 ± 0.02 99.18 ± 0.01 88.73 ± 0.64 93.31 ± 0.13 96.37 ± 0.02 93.47 ± 0.15 1

Table 1: Performance for transductive dynamic link prediction on datasets.

• MLP. Alternatively, the embeddings of the neighbors are
passed through a Multi-Layer Perceptron to allow for
non-linear transformations:

Hu = W2 · σ(W1 · Iu + b1) + b2, (16)
where W1 ∈ RγN×N and W2 ∈ RN×γN are weight
matrices, b1 and b2 are biases, and σ is the activation
function (e.g., ReLU or GELU). We set the scaling factor
γ to 0.5 for all methods. This approach enables the model
to learn complex interactions between neighbors.

Experimental Settings
Evaluation Tasks and Metrics. We focus on the dynamic
link prediction task, following prior works (Xu et al. 2020;
Rossi et al. 2020; Poursafaei et al. 2022). We evaluate the
performance in the transductive setting, where the goal is to
predict future interactions between nodes that were observed
during training. During training, for each positive pair, we
sample a negative pair by keeping the same source node and
selecting a random destination node. We assess performance
using Average Precision (AP) and Area Under the Receiver
Operating Characteristic Curve (AUC-ROC) as evaluation
metrics. The datasets are chronologically split into 70% for
training, 15% for validation, and 15% for testing.

Implementation Details. To ensure fair performance
comparisons, we follow the settings as described in (Yu et al.
2023). We train the models using the Adam optimizer over
100 epochs, applying early stopping after 20 epochs without
improvement. The best-performing model on the validation
set is selected for testing. For all datasets, we set the learning
rate to 0.0001 and the batch size to 200. We search for the
optimal number of GLFormer layers in the range [1, 2, 3].
The number of neighbors aggregated in each GLFormer
layer for different models is the same as in Yu et al. (2023).
Across all models, the dimensions for both node and edge
features are set to 172, while the time encoding dimension is
fixed at 100. All other settings remain consistent with those
specified in the original papers. Experiments are conducted
on an Ubuntu machine equipped with an Intel(R) Xeon(R)
Gold 6130 CPU @ 2.10GHz (16 physical cores) and an
NVIDIA Tesla T4 GPU with 15 GB of memory. Our code is
available at https://github.com/Hope-Rita/GLFormer.

Performance Comparison and Discussions
We present the performance of different methods on the AP
and AUC metrics for dynamic link prediction in Table 1. To
enhance readability, the results have been multiplied by 100.
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The best results are highlighted in bold. Based on the results,
we make the following key observations:

(i) Compared with the vanilla Transformer, which relies
on self-attention and spatial smoothing over sequences and
thus often mixes in irrelevant information, our approach pre-
serves the key information at each node while selectively
fusing information only from relevant positions. This tar-
geted fusion avoids over-smoothing, ensuring that the model
captures both local and essential contextual information, re-
sulting in efficient dynamic graph learning with reduced
computational overhead and redundancy compared to the
vanilla Transformer.

(ii) Compared with traditional pooling methods, which
aggregate features from neighboring nodes to summarize lo-
cal information but often overlook temporal significance and
fail to capture long-range temporal dependencies, our ap-
proach adaptively aggregates neighbor information based on
their order and timing within a hierarchical structure. This
enables us to effectively learn both short-term and long-term
temporal patterns.

(iii) MLP mechanisms, which excel in modeling complex
relationships through non-linear transformations, rely heav-
ily on the depth of the network and the number of tokens
to achieve the desired performance. Hence, their effective-
ness can be constrained by the architecture’s reliance on to-
ken quantity. In contrast, our approach is not constrained by
the number of tokens, enabling us to flexibly focus on the
underlying temporal relationships between nodes. This flex-
ibility contributes to improved performance without intro-
ducing excessive complexity.

Effectiveness of the Architecture
In this study, we introduce the simplified Transformer ar-
chitecture, GLFormer, which has an adaptive token mixer
and hierarchical structure to learn both short and long-term
temporal dependencies. We evaluate its effectiveness in cap-
turing temporal interaction patterns through two key exper-
iments: one focused on long-term information learning, and
the other on analyzing model complexity.

Analysis of Temporal Relationship Learning. In this
study, we employ a hierarchical aggregation mechanism to
capture long-term temporal dependencies. To further ex-
plore how the receptive fields of historical neighbors in-
fluence temporal information learning, we conduct experi-
ments with varying layers, using s1, s2, s3 set to 2, 4, and 8
for transductive link prediction tasks. The results, in terms
of average precision, are presented in Figure 4.

Based on the performance in Figure 4, we observe that
using a two- or three-layer GLFormer is generally sufficient
for capturing temporal dependencies. For models with fewer
neighbors for aggregation, such as TGN, performance shows
slight variation across different layer depths. For TGAT,
which employs a multi-layer graph attention mechanism for
neighbors from multiple orders, a two-layer GLFormer is
adequate for extracting meaningful temporal information.
On the other hand, sequence-based models such as TCL and
DyGFormer, which require longer sequence inputs, achieve
the best performance with a three-layer GLFormer, effec-
tively capturing long-range dependencies.

Figure 4: Results of various numbers of GLFormer layers.

Complexity Analysis. We demonstrate the efficiency of
our approach by comparing the inference time across three
types of token mixers on various baseline models. Reporting
inference time allows us to eliminate the influence of differ-
ing training strategies among methods. Figure 6 compares
the baselines and our GLFormer across four datasets. In con-
trast to the baseline models, GLFormer demonstrates a su-
perior balance between computational efficiency and perfor-
mance. This makes it particularly well-suited for real-time
applications where both speed and accuracy are critical.

Ablation Study

We perform an ablation study to validate the effectiveness of
key components within the framework. First, we assess the
impact of adaptively learning the order and timing of tem-
poral information from recent neighbors by removing the
learnable parameters (LP) and the use of relative times (RT),
denoted as “w/o LP” and “w/o RT,” respectively. Addition-
ally, we evaluate the influence of other components in the
Transformer architecture. Specifically, we replace the GELU
activation function with ReLU, labeled as “w/ ReLU.” We
also examine the effect of removing the residual network and
channel mixers, denoted as “w/o ResNet” and “w/o CM.”
The results of these experiments are illustrated in Figure 5.

From the ablation study, we derive two key observations.
First, both aggregation mechanisms are crucial, as they ex-
tract different but complementary information. The learn-
able parameters (LP) focus on capturing the temporal or-
der and structure of interactions, while the relative times
(RT) are essential for modeling the timing of events. Sec-
ond, the choice of activation function, as well as the in-
clusion of channel mixers and the residual network, signif-
icantly impacts the framework’s performance. GELU pro-
vides smoother and more refined non-linear transformations
than ReLU, resulting in better learning. The channel mix-
ers enhance the model’s ability to capture cross-channel de-
pendencies, while the residual connections improve gradi-
ent flow and stabilize training, especially for deeper models.
These components are critical for ensuring the framework’s
robustness and effectiveness.
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Related Work
Dynamic Graph Learning
Dynamic graph learning aims to model the evolving patterns
of nodes and their interactions by learning temporal latent
representations (de Barros et al. 2023; Xu et al. 2025b). A
core task in this field is dynamic link prediction (Cheng et al.
2025; Xu et al. 2025a), which estimates the probability of fu-
ture links at a given time. Existing methods can be broadly
categorized into two types: discrete-time and continuous-
time approaches. Discrete-time methods (Xu et al. 2024;
Chen et al. 2024) model dynamic graphs as sequences of
snapshots, each summarizing interactions within a fixed in-
terval. They typically use static graph encoders for struc-
ture and sequential models for temporal dynamics. However,
this coarse partitioning overlooks the order of events, limit-
ing their ability to capture fine-grained temporal patterns.
Continuous-time methods model the graph as a stream of
timestamped interaction events. Approaches such as tem-
poral random walks (Yu et al. 2018; Yu, Liao, and Luo
2024) and memory-based representations (Kumar, Zhang,
and Leskovec 2019; Ji et al. 2024) have been proposed to en-
code evolving topologies. They often incorporate attention
mechanisms or temporal neural networks (Yu et al. 2023;
Pan et al. 2025; Zou et al. 2024; Cheng et al. 2024; Ding

et al. 2024) to capture long-term dependencies.
Despite their effectiveness, most existing work rely heav-

ily on standard Transformer architectures, incurring high
computational cost. We propose an efficient Transformer-
based framework that integrates a low-cost adaptive aggre-
gation mechanism for dynamic link prediction.

Transformers in Various Fields
Transformers have shown superiority in multiple fields, such
as computer vision (Steiner et al. 2022; Rao et al. 2022),
time series (Wang, Chen, and Chen 2024; Wang et al. 2024),
and graphs (Kreuzer et al. 2021; Chen, O’Bray, and Borg-
wardt 2022) beyond natural language processing. Vision
Transformers (ViTs) (Dosovitskiy et al. 2021) treat images
as sequences of patches for tasks like classification and de-
tection. Similarly, in time series, Transformers capture tem-
poral dependencies for forecasting (Wang, Chen, and Chen
2024), and Graph Transformers integrate structural informa-
tion using methods like Laplacian eigenvectors or relative
position encoding (Kreuzer et al. 2021). Recently, there has
been a trend of replacing complicated self-attention modules
with simpler architectures. Examples include Metaformer
(Yu et al. 2022) in computer vision and simplified attention
designs like those in Informer (Zhou et al. 2021) and using
pyramid attention (Liu et al. 2022) for time series.

Although these methods have shown the power of simple
architectures in various applications, they are not special-
ized for dynamic graph learning. Hence, we aim to design a
succinct architecture specifically for link predictions.

Conclusion
In this work, we addressed the critical challenge of dynamic
graph learning by introducing a novel Transformer frame-
work that simplifies the traditional self-attention mecha-
nism. We first highlighted the importance of the Transformer
architecture in learning temporal dependencies among
neighbors. We then proposed an adaptive token mixer that
considers both temporal order and timing information simul-
taneously within a sliding window. To further capture the
long-range temporal dependencies, we designed a hierarchi-
cal learning module, which expands the receptive fields by
aggregating long-range neighbors as the layer increases. Our
experimental results confirmed that this integrated approach
retained the ability to model both short-term and long-term
relationships effectively and demonstrated that simpler ar-
chitectures can achieve competitive results.
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