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Abstract
Dynamic link prediction aims to predict the future links in dynamic

graphs. Existing generative dynamic link prediction studies utilize

the global degree distribution for mitigating the over-estimation

problem, which can model the time-invariant features while ne-

glecting the time-varying features, resulting in capturing inaccurate

evolution patterns. However, such time related features are intrin-

sically coupled, which makes simultaneously and independently

modeling both features infeasible. Motivated by these issues, we

propose a Time-wise causal debiasing framework (Tide) for gener-
ative dynamic link prediction, which does not resort to any extra

trainable modules. Instead, to obtain the time-invariant features,

we first utilize a time-invariant deconfounded learning mechanism

for decoupling the prediction score with the degree distribution.

To leverage the time-varying features, we intervene in the model

during the inference stage by a predicted future degree distribution,

aiming to make the accurate predictions for dynamic graphs. Exper-

iments conducted on four public datasets under both inductive and

transductive settings present that our Tide enhanced models can

outperform their corresponding vanilla versions by up to 21.42%
and 27.73% in terms of NDCG and Jaccard, respectively.
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1 Introduction
The graph can be utilized for modeling various fields of real-world

data, such as social networks [6, 12, 22], citation networks [31,

44] and recommendation systems [10, 33], where the contained

entities are considered as nodes and the relationships between

them are regarded as edges, respectively [8]. Furthermore, the above

graphs usually evolve over time continuously [7], demonstrating

the characteristics of dynamic changes. Therefore, dynamic graph

link prediction, also called dynamic link prediction, is a widely

investigated fundamental task [9, 21], which aims to capture the

evolution pattern of temporal graphs and predict future edges.

Current studies for dynamic link prediction can be broadly cate-

gorized into two paradigms, i.e., the discriminative approaches and

generative approaches. The former always learns a binary classifi-

cation model to discriminate whether an edge exists between the

central node and the given nodes [3, 21, 27]. Inspired by the position

encoding and sequential modeling capability of Transformer mod-

els [19, 24], the latter typically introduces the Transformer-based

framework to carry out dynamic link prediction research, which

aims to predict the next neighbor of the central node [28, 37]. Ow-

ing to the autoregressive architecture where the historical graph is

serialized as the precondition, the Transformer-based generative
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(a) Global degree distribution vs. each
time slot one.

0 1 2 3 4 5 6 7 8 9 10 11
Time Slot

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

JS
 D

iv
er

ge
nc

e

UCI
ML-10M
Hepth
MMConv

(b) Initial time slot vs. subsequent
time slots.

Figure 1: Time-varying degree distributions.

approaches have the capability to effectively capture long-term

temporal dependencies of the dynamic graphs, thus achieving the

state-of-the-art performance. While offering significant advantages,

the autoregressive nature of Transformers inherently exhibits a predic-
tion bias toward high-degree nodes, as it favors those that frequently
appear in the historical sequences, a.k.a. , node Mathew effect.

Motivations. Recent improvements in Transformer-based dynamic

link prediction models attempt to mitigate the over-estimation of

high-degree nodes. For instance, Zhang et al. [37] directly integrate

the global degree distribution as a structural prior, explicitly model-

ing the mutual information between temporal node sequences and

current candidate selections. As shown in Fig. 1(a), however, the

Jensen-Shannon divergence [4] between the global and temporal

degree distribution maintains at the 0.3 − 0.7 level, demonstrating

the unreliability of global-distribution dependencies. Furthermore,

the ever-increasing JS divergence between the initial time slot and

subsequent slots in Fig. 1(b) further displays the degree distribution

dynamics. This implies that the time-varying degree distribution

is an intrinsic characteristic of dynamic graphs. Apart from the

time-varying features, empirical analysis of real-world dynamic

graphs reveals the widespread existence of persistent structural

invariants, such as stable community structures in social media and

users’ long-term preferences for certain-types of items in recom-

mendation systems. In this light, we argue that the time-varying
and time-invariant features should be collaboratively leveraged

to construct the dynamic link prediction model. The time-varying

features reflect the evolution pattern of a dynamic graph, while the

time-invariant features can mitigate the node degree’s Matthew

effect by maintaining the essence of a dynamic graph.

Challenges. Theoretically, the time-varying and time-invariant

features are conceptually orthogonal, which cannot be jointly mod-

eled directly. However, the real-world graph structures often ex-

hibit complex couplings between these two properties. On the one

hand, the time-invariant long-term features may influence the time-

varying short-term patterns, e.g., the celebrity follow on social

media can trigger the emergence of new celebrities. On the other

hand, the time-varying features may evolve into the long-term

time-invariant attributes. For instance, the trending items in recom-

mendation systems can become perennial bestsellers. This creates

a modeling paradox: how to rigorously preserve conceptual orthog-
onality in representation learning from the empirical dataset with
coupled time features.

Proposals and Contributions. To overcome the aforementioned

challenges, we regard time as a new dimension and propose a Time-

wise causal debiasing framework (Tide) for generative dynamic

link prediction. Specifically, we first construct the structural causal

model containing node features, historical sequences, time-varying

degree distributions and the prediction results, and then employ do-
calculus to block the path between node features and time-varying

degree distributions in the causal model, which can decouple time-

varying degree distributions from time-invariant features, thereby

eliminating their confounding negative effects and dealing with the

modeling paradox. Subsequently, to enable the model to capture

time-varying features in dynamic graphs, we leverage the observed

historical degree distributions to predict future distributions. Dur-

ing the inference stage, these predicted distributions are employed

to intervene in model outputs, thereby enhancing future link predic-

tion accuracy in dynamic graphs. Experimental results present that

our framework improves the NDCG and Jaccard metrics against

the state-of-the-art (SOTA) models by up to 21.42% and 27.73%,

respectively. The main contributions of our work can be condensed

into the following aspects:

(1) To the best of our knowledge, we are the first to investigate the

generative dynamic link prediction from the causal inference

view, mitigating the node Matthew effect in the Transformer

architecture. It should be noted that Tide can be a flexible plug-

in for any generative dynamic link prediction work.

(2) We abstract two key factors influencing the dynamic link pre-

diction from an empirical study, namely, time-invariant and
time-varying features, and decouple these two features by

introducing the deconfounded learning mechanism.

(3) We intervene in the model to predict the future neighbors with

the forecasted time-varying features during inference, the im-

provements over the SOTA baselines show the effectiveness.

2 Related Work
2.1 Dynamic link prediction
In real-world scenarios, dynamic graphs find widespread applica-

tions across various fields, including but not limited to social media

[25], event modeling [42, 43] and recommendation systems [35].

This widespread adoption has spurred substantial research efforts

toward improving dynamic graph neural networks, particularly in

architecture design [40] and temporal modeling [3]. These networks

explicitly model graph dynamics by jointly capturing structural

evolution and feature transitions over time. A lot of approaches

have been proposed to tackle the unique challenges arising from

dynamic graph structures. Existing approaches for dynamic graphs

can be categorized into Graph Neural Network-based (GNN) and

Non-GNN-based models. The GNN-based methods usually leverage

GNN to model the structural characteristic of dynamic graphs with

the message passing mechanism, and they design a module to cap-

ture the pattern of temporal evolution [15, 23, 26, 27]. Motivated by

Transformers’ exceptional ability for long sequence modeling, re-

searchers have proposed Transformer-based architectures [28, 37]

that perform dynamic link prediction without relying on GNN

frameworks. Specifically, Wu et al. [28] propose to reformulate the

dynamic graph link prediction task into generating the next token

of a sequence, and incorporate temporal alignment into the input
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sequences. Subsequently, Zhang et al. [37] fuse the topology of

subgraphs into the mask matrices of sequences to help the model

understand the relationships between neighbor nodes.

2.2 Causal Inference
Causal inference [18] constitutes a field of study dedicated to quan-

tifying the causal relationships among variables, which is widely

used for mitigating the negative bias in various real-world applica-

tions [15], such as recommendation systems [34, 38], graph analysis

[32, 41], and natural language processing [14].

For example, Zhang et al. [38] leverage do-calculus to remove

the popularity bias during training and introduce the predicted

popularity for inference. Additionally, Yoo et al. [34] propose a

disentanglement method that integrates temporal popularity dy-

namics. They introduce a new temporal-aware embedding design

for both users and items, based on which they propose popularity

coarsening and bootstrapping to enhance generalization. Zhao et al.

[41] enhances the model’s generalization on out-of-distribution

data by eliminating environmental confounding factors and learn-

ing invariant graph representations. However, these methods only

focus on debiasing for the GNN-based models or collaborative

filtering-based models. Inspired by these approaches, we develop

a causal inference-enhanced framework for dynamic graph link

prediction, specifically designed to mitigate the negative effects of

imbalanced degree distributions on autoregressive models.

3 Preliminary
3.1 Traditional dynamic link prediction
Formally, a dynamic graph can be denoted as G = {V, E, F }. Here,
V = {𝑣𝑖 | 𝑖 = 1, 2, . . ., |V|} is the node set, E = {𝑒𝑖 𝑗 | 𝑒𝑖 𝑗 =

(𝑣𝑖 , 𝑣 𝑗 , 𝑡𝜏 ), 𝜏 ∈ [1, 2, . . . ,T]} is the edge set, where each element

(𝑣𝑖 , 𝑣 𝑗 , 𝑡𝜏 ) denotes that an edge 𝑒𝑖 𝑗 connects nodes 𝑣𝑖 and 𝑣 𝑗 at the

timestamp 𝑡𝜏 . In addition, F denotes the feature matrix, which may

represent the node/edge features in each dataset.

Given a dynamic graph G, the aim of dynamic link prediction

task is to train a model 𝑓 (G;𝜃 ) with learnable parameters 𝜃 , cap-

turing the temporal evolution pattern of G so that to predict the

new edge set E[·; ·; 𝑡T+1] at the future timestamp 𝑡T+1:
𝜃∗ = argmin

𝜃 ∈Θ

T∑︁
𝜏=2

ℓ (E[·; ·; 𝑡𝜏 ], 𝑓 (G𝑡𝜏 ;𝜃 ))

E[·; ·; 𝑡T+1] = 𝑓 (G𝑡T ;𝜃∗)
, (1)

where 𝜃∗ is the parameters that minimize the loss ℓ (·, ·) on the train-
ing set, Θ denotes the parameter space, E[·; ·; 𝑡𝜏 ] and G𝑡𝜏 denote

the edge set and the graph until the timestamp 𝑡𝜏 , respectively.

3.2 Generative dynamic link prediction
In addition, to capture the inherent temporal evolution patterns

within dynamic graphs and streamline the modeling process of

their evolution, dynamic link prediction is re-conceptualized as

a sequence generation task, which consists of two main stages:

dynamic graph serialization and generative link prediction.

3.2.1 Dynamic graph serialization. To enable generative link pre-

diction for dynamic graphs, the main adopted solution is segment-

ing the whole original dynamic graph into the 1-hop subgraphs of

X

F

Y

D

(a) Conventional methods

X

F

Y

D

(b) Removing degree bias

Figure 2: Structural causal models for generative dynamic
link prediction.

each node, and transforming the subgraph into a token sequence

according to the chronological order of interactions. For instance,

given the center node 𝑣𝑖 and its 1-hop subgraph G (𝑖 ) , the serialized
format of G (𝑖 ) can be represented as:

𝑥 (𝑖 ) =[⟨ℎ𝑖𝑠𝑡⟩ , 𝑣𝑖 , ⟨𝑡𝑖𝑚𝑒1⟩ , 𝑆1𝑖 , . . . , ⟨𝑡𝑖𝑚𝑒𝑚⟩ , 𝑆𝑚𝑖 , . . . ,〈
𝑡𝑖𝑚𝑒 (𝑇−1)

〉
, 𝑆𝑇−1𝑖 , ⟨𝑒𝑛𝑑𝑜 𝑓 ℎ𝑖𝑠⟩]

𝑦 (𝑖 ) =[⟨𝑝𝑟𝑒𝑑⟩ , ⟨𝑡𝑖𝑚𝑒𝑇 ⟩ , 𝑆𝑇𝑖 , ⟨𝑒𝑛𝑑𝑜 𝑓 𝑝𝑟𝑒⟩],

(2)

where 𝑥 (𝑖 ) is the input sequence, 𝑦 (𝑖 ) is the ground truth, ⟨·⟩ de-
notes a special token, ⟨𝑡𝑖𝑚𝑒𝑚⟩ marks the start of time slot𝑚, ⟨ℎ𝑖𝑠𝑡⟩
and ⟨𝑒𝑛𝑑𝑜 𝑓 ℎ𝑖𝑠⟩ denote the start and end of the known historical se-

quence, respectively. Similarly, ⟨𝑝𝑟𝑒𝑑⟩ and ⟨𝑒𝑛𝑑𝑜 𝑓 𝑝𝑟𝑒⟩ denote the
start and end of the ground truth sequence, respectively. Moreover,

𝑇 denotes the number of uniformly partitioned time slots across

the entire temporal span T . In addition, 𝑆𝑚
𝑖
, the subsequence of

𝑣𝑖 ’s neighbors in the𝑚-th time shot, can be formulated as:

𝑆𝑚𝑖 = [𝑣𝑡𝑚,1

𝑖
, 𝑣

𝑡𝑚,2

𝑖
, . . . , 𝑣

𝑡𝑚,|𝑆𝑚
𝑖
|

𝑖
],𝑚 ∈ {1, 2, . . . ,𝑇 }. (3)

3.2.2 Generative link prediction. For each subgraph G (𝑖 ) , we can
abstract the input sequence 𝑥 (𝑖 ) in Eq. (2) into the following form:

x(𝑖 ) = [ℎ (𝑖 )
1

, ℎ
(𝑖 )
2

, . . . , ℎ
(𝑖 )
𝑘

, . . . ℎ
(𝑖 )
𝑛𝑖 ] ∈ R

𝑛𝑖 , (4)

where x(𝑖 ) consists of 𝑛𝑖 token ids, comprising both regular node

tokens and special tokens introduced in Sec. 3.2.1, and ℎ
(𝑖 )
𝑘

denotes

the 𝑘-th token in the sequence x(𝑖 ) . We use the notation h ∈ R𝑑𝑖𝑚
to represent the 𝑑𝑖𝑚-dimensional embedding of token ℎ in Eq. (4).

Thus, x(𝑖 ) can be converted into a hidden state matrix H(𝑖 ) :

H(𝑖 ) =
[
h(𝑖 )
1

, h(𝑖 )
2

, . . . , h(𝑖 )𝑛𝑖

]
∈ R𝑛𝑖×𝑑𝑖𝑚 . (5)

Subsequently, given the input sequences [𝑥1, . . . , 𝑥 |V | ], the goal
of generative dynamic link prediction is to accurately generate the

next node tokens. Thus, the optimization goal in the training stage

can be defined as:
L = −

|V |∑︁
𝑖=1

|x(𝑖 ) |∑︁
𝑘=1

log 𝑃𝜃

(
ℎ
(𝑖 )
𝑘
|x(𝑖 )
<𝑘

)
𝑃𝜃

(
ℎ
(𝑖 )
𝑘
|x(𝑖 )
<𝑘

)
= Softmax

(
LN

(
H(𝑖 )
<𝑘

)
W

token

) , (6)

where x(𝑖 )
<𝑘

denotes the sub-sequence of x(𝑖 ) containing the first

(𝑘 − 1) tokens, H(𝑖 )
<𝑘

denotes the embedding of x(𝑖 )
<𝑘

, 𝑃𝜃 represents

the probability of generating the 𝑘-th token from the learnable
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Figure 3: The pipeline of Tide framework. The blue and red arrows represent the training and inference stages, respectively.

matrix W
token

∈ R𝑑𝑖𝑚×|token | . Moreover, |token| = |V| + |spt|
denotes the total number of tokens, which equals the sum of node

count |V| and special token count |spt|.

4 Approach
4.1 Overview
In this section, we first analyze the degree bias in Sec. 4.2, then

we detail the Tide framework, which consists of two main mech-

anisms, i.e., time-invariant deconfounded learning (see Sec. 4.3)

and time-varying intervened inference (see Sec. 4.4). The pipeline

of Tide is shown in Fig. 3. First, we preprocess the original graph

following the procedure in Sec. 3.2.1. Subsequently, we compute

the node distributions within each time segment. On this basis, our

key innovation lies in establishing a causality-informed processing

pipeline: (1) During the training stage, we decouple the historical

node distributions from the model prediction scores to facilitate

the learning of time-invariant features; (2) At the inference stage,

we leverage the historical distributions to predict future temporal

patterns, then integrate these time-varying characteristics into the

input sequences to generate future neighbor accurately.

4.2 A causal view of degree bias
4.2.1 Analyze degree bias with causal graphs. To investigate the

bias induced by the degree distributions in dynamic link prediction,

we employ causal graphs [18], which represents the variables as

nodes and their relationships as edges. Specifically, we construct

the conventional model discarding the degree distributions as well

as our proposed debiased model, which are shown in Fig. 2(a) and

Fig. 2(b), respectively. Four variables in both models presented in

Fig. 2 are described as follows:

• Node 𝐹 denotes the features of nodes.
• Node 𝐷 denotes the time-varying degree distributions of nodes
in the dynamic graph.

• Node 𝑋 denotes the historical sequence 𝑥 defined in Eq. (2) at

the current timestamp.

• Node 𝑌 denotes the next predicted node.

Moreover, Fig. 2 reveals twomain causal relationships that influence

the next-node prediction probability in conventional generative

dynamic link prediction models:

• The paths {𝐷,𝑋, 𝐹 } → 𝑌 represent that the next node is deter-

mined by the combination of three factors, i.e., the node features

𝐹 , the time-varying degree distributions 𝐷 , and the historical

sequence 𝑋 .

• The path 𝐷 → 𝐹 → 𝑌 represents that the node features 𝐹 are

affected by the time-varying degree distributions 𝐷 and then

influence the prediction result 𝑌 .

Furthermore, there exist two causal paths from the degree distri-

butions 𝐷 to the prediction result 𝑌 , i.e., 𝐷 → 𝑌 and 𝐷 → 𝐹 → 𝑌

in the causal graph. The first path illustrates that the time-varying

degree distributions influence the prediction probability, since the

degree can reflect the importance of the node to some extent [1].

The second path indicates that the time-varying degree distribu-

tions 𝐷 affect the node occurrence frequencies in each dataset,

which subsequently bias the learning of node features 𝐹 , amplifying

the auto-regressive model’s propensity to predict the high-degree

nodes [30]. Obviously, the amplification should be avoided since a

link prediction model should capture the evolution pattern reliably

and is immune to the node degrees. Therefore, the second path

𝐷 → 𝐹 → 𝑌 affects the estimation of the time-varying degree

distributions’ impact on the prediction result 𝑌 .

4.2.2 Analysis on conventional methods. Existing methods suffer

from the time-varying degree distributions 𝐷 when learning the

dynamic graph evolution pattern {𝑋, 𝐹 } → 𝑌 . Specifically, the con-

ditional probability 𝑃 (𝑌 |𝑋, 𝐹 ) in conventional generative methods

can be modeled as the following form:

𝑃 (𝑌 |𝑋, 𝐹 ) (1)=
∑︁
𝑑

𝑃 (𝑌,𝑑 |𝑋, 𝐹 )

(2)
=

∑︁
𝑑

𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝑑 |𝑋, 𝐹 )

(3)
=

∑︁
𝑑

𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝑑 |𝐹 )

(4)
∝

∑︁
𝑑

𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝐹 |𝑑)𝑃 (𝑑).

(7)

Below explains the derivation step by step:

• (1) is the definition of margin distribution;

• (2) is because of Bayes’ theorem;

4235



Tide: A Time-Wise Causal Debiasing Framework for Generative Dynamic Link Prediction CIKM ’25, November 10–14, 2025, Seoul, Republic of Korea.

• (3) is because 𝑋 is independent of 𝐷 in Fig. 2(a);

• (4) is because of Bayes’ theorem.

From Eq. (7), we can observe a term 𝑃 (𝐹 |𝑑), which illustrates the

influence of the time-varying degree distributions 𝐷 on the node

features 𝐹 , and thus affecting the predicted next node 𝑌 .

4.3 Time-invariant deconfounded learning
We now consider how to obtain a model that is immune to the

impact of 𝐷 → 𝐹 . To achieve our goal of removing the degree bias

𝐷 while learning {𝑋, 𝐹 } → 𝑌 , we adopt the do-calculus [18] in
causal science. Specifically, the do-calculus is used to eliminate the

impact of node 𝐷 (the parent of node 𝐹 ). Thus, we formulate the

predictive model as 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )) rather than 𝑃 (𝑌 |𝑋, 𝐹 ) modeled

by Eq. (7). Let the causal graph of conventional methods shown in

Fig. 2(a) be 𝐺 , and the intervened causal graph shown in Fig. 2(b)

be 𝐺 ′. Then, performing do-calculus on 𝐺 leads to:

𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )) (1)= 𝑃𝐺 ′ (𝑌 |𝑋, 𝐹 )
(2)
=

∑︁
𝑑

𝑃𝐺 ′ (𝑌 |𝑋, 𝐹, 𝑑)𝑃𝐺 ′ (𝑑 |𝑋, 𝐹 )

(3)
=

∑︁
𝑑

𝑃𝐺 ′ (𝑍 |𝑋, 𝐹, 𝑑)𝑃𝐺 ′ (𝑑)

(4)
=

∑︁
𝑑

𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝑑),

(8)

where 𝑃𝐺 ′ denotes the probability evaluated on 𝐺 ′. The derivation
is explained step by step below:

• (1) is because of the backdoor criterion [18] since the backdoor

path of 𝐹 ← 𝐷 → 𝑌 in causal graph 𝐺 is blocked by 𝑑𝑜 (𝑋, 𝐹 );
• (2) is because of Bayes’ theorem;

• (3) is because that {𝑋, 𝐹 } are independent of 𝐷 in 𝐺 ′;
• (4) 𝑃𝐺 ′ (𝑌 |𝑋, 𝐹, 𝑑) = 𝑃 (𝑌 |𝑋, 𝐹, 𝑑) is because that the causal mech-

anism {𝑋, 𝐹, 𝐷} → 𝑍 is not changed when cutting of the edge

𝐷 → 𝑌 , and 𝑃 (𝑑) = 𝑃𝐺 ′ (𝑑) since the degree distribution 𝐷 has

the same prior on the two causal graphs.

Comparing Eq. (8) with Eq. (7), we can find that the term 𝑃 (𝐹 |𝑑)
in Eq. (7) disappears. Such a phenomenon demonstrates that by

applying the do-calculus on the variable node 𝐹 , we can obtain the

debiased prediction probability as 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )) = ∑
𝑑 𝑃 (𝑌 |𝑋, 𝐹,

𝑑)𝑃 (𝑑). Specifically, this eliminates the impact of the bias of degree

distributions, i.e., {𝐷 → 𝑌 }, thus learning the time-invariant
features. Then, we aim at estimating 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )) from the train-

ing data, including two steps, i.e., estimating 𝑃 (𝑌 |𝐷,𝑋, 𝐹 ) and∑
𝑑 𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝑑), respectively.
Step 1: Estimating 𝑃 (𝑌 |𝐷,𝑋, 𝐹 ). This conditional probability

function quantifies the probability 𝑃

(
𝑦 |𝑥, 𝑓 , 𝑑 [:(𝑇−1) ]

)
of generat-

ing 𝑦 as the next token of sequence 𝑥 , given an input sequence

𝑋 = 𝑥 , the node features 𝐹 = 𝑓 , and the degree distributions

𝐷 = 𝑑 [:,(𝑇−1) ] up to the (𝑇 − 1)-th time slot of 𝑥 . This can be im-

plemented by the generative dynamic link prediction model with

the learnable parameters 𝜃 introduced in Sec. 3.2.2, where the pa-

rameters 𝜃 can be optimized by L in Eq. (6).

Furthermore, given the degree distribution as 𝑑 , to learn the

time-invariant features, we propose to decouple the degree dis-
tribution 𝑑 from the modeling processing of predicting 𝑌 , i.e.,

𝑃

(
𝑦 |𝑥, 𝑓 , 𝑑 [:(𝑇−1) ]

)
. Since the embedding matrixH of sequence 𝑥 is

derived from features 𝑓 , Eq. (6) allows the transformation of the con-

ditional probability 𝑃𝜃

(
𝑦 |𝑥, 𝑓 , 𝑑 [:(𝑇−1) ]

)
into 𝑃𝜃

(
𝑦 |x, 𝑑 [:(𝑇−1) ]

)
.

Thus, we design a decoupled prediction function by improving the

conditional probability in Eq. (6) as follows:
𝑃𝜃

(
𝑦 |x<𝑘,𝑚, 𝑑 [:𝑚]

)
= 𝜎

(
𝑠𝑐𝑜𝑟𝑒𝜃

(
x<𝑘,𝑚

) )
× 𝑑′𝑚

𝛾

𝑠𝑐𝑜𝑟𝑒𝜃
(
x<𝑘,𝑚

)
=

(
LN

(
H(𝑖 )
<𝑘

)
W

token

)
∈ R𝑑𝑖𝑚×|token |

𝑑′𝑚 = Concat(𝑑𝑚,𝐶 · 1)

, (9)

where𝑚 denotes the last time slot of sequence x<𝑘 , 𝑑𝑚 ∈ R |V |
denotes the node degree distribution in the𝑚−th time slot. Sub-

sequently, since our primary objective is predicting the neigh-

bor nodes, we uniformly set the frequency of special tokens to

a small constant 𝐶 , whose distribution represented in vector form

is 𝐶 · 1 ∈ R |spt | . Moreover, 𝑑′𝑚 ∈ R|token| is the vector represent-
ing the token distribution across all tokens in the𝑚-th time slot,

formed by the concatenation of vectors 𝑑𝑚 and 𝐶 · 1. Additionally,
we choose the state-of-the-art generative dynamic link prediction

model TopDyG [37] as our backbone to implement the 𝑠𝑐𝑜𝑟𝑒𝜃 (·).
Besides, the hyper-parameter 𝛾 is used for smoothing the de-

gree distribution: a hyper-parameter 𝛾 controls the smoothing of

the degree distribution: when 𝛾 = 0, the Eq. (9) collapses to the

naive conditional probability that disregards the degree distribution,

i.e., 𝑃𝜃 (𝑦 |x<𝑘 ). The function 𝜎 (·) denotes the activation function

𝐸𝐿𝑈 ′ (·) [2, 38] with range (0, +∞), thereby ensuring strict mono-

tonicity of 𝑃𝜃

(
𝑦 |x<𝑘,𝑚, 𝑑 [:𝑚]

)
since all elements in 𝑑 are positive.

Specifically, taking the degree distribution in the𝑚−th time slot

𝑑𝑚 as an instance, it can be formally expressed as:

𝑑𝑚 = [𝑝𝑚 (𝑣1), 𝑝𝑚 (𝑣2), . . . , 𝑝𝑚 (𝑣𝑖 ), . . . , 𝑝𝑚 (𝑣 |V | )],

𝑝𝑚 (𝑣𝑖 ) =


Degree𝑚 (𝑣𝑖 )∑ |V |

𝑘=1
Degree𝑚 (𝑣𝑘 )

,Degree𝑚 (𝑣𝑖 ) > 0

𝐶 , otherwise

, (10)

where Degree𝑚 (𝑣𝑖 ) and 𝑝𝑚 (𝑣𝑖 ) denote the degree and the rela-

tive frequency of node 𝑣𝑖 in the𝑚−th time slot, respectively. Note

that we omit the normalization of 𝑃𝜃

(
𝑦 |x<𝑘,𝑚, 𝑑 [:𝑚]

)
, though this

normalization choice does not affect the candidate token ranking

during the future neighbor generation.

Step 2: Estimating
∑
𝑑 𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝑑). Then, we concentrate

on estimating the interventional probability 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )). How-
ever, considering that the value space of the random variable 𝐷

is too large, exact summation for prediction is computationally

intractable. Fortunately, we can leverage the following reduction

to eliminate the need for this summation:

𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )) (1)=
∑︁
𝑑

𝑃 (𝑌 |𝑋, 𝐹, 𝑑)𝑃 (𝑑)

(2)
=

∑︁
𝑑

(
𝜎 (𝑠𝑐𝑜𝑟𝑒𝜃 (x)) × 𝑑𝛾

)
× 𝑃 (𝑑)

(3)
= 𝜎 (𝑠𝑐𝑜𝑟𝑒𝜃 (x))

∑︁
𝑑

(
𝑑𝛾 × 𝑃 (𝑑)

)
(4)
= 𝜎 (𝑠𝑐𝑜𝑟𝑒𝜃 (x)) E

(
𝑑𝛾

)
(11)
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where E (𝑑𝛾 ) denotes the expectation of 𝑑𝛾 , which is a constant.

Considering that 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )) is used for choosing the next token
from the vocabulary according to the predicted scores, the value of

E (𝑑𝛾 ) does not change the ranking of the candidate tokens. Thus,

we can adopt 𝜎 (𝑠𝑐𝑜𝑟𝑒𝜃 (x)) to estimate 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )).
To sum up, we train the model with parameters 𝜃 by fitting the

historical sequences in each dynamic graph to capture the time-
invariant features, i.e., {𝑋, 𝐹 } → 𝑌 by removing the negative

impact of time-varying degree distributions, i.e., 𝐷 → 𝑌 .

4.4 Time-varying intervened inference
By estimating the probability 𝑃 (𝑌 |𝑑𝑜 (𝑋, 𝐹 )), we eliminate the nega-

tive effect of the degree distributions bias, thus accurately capturing

the time-invariant features from the historical data. Then, after

training on historical data from the previous 𝑇 − 1 time slots, we

propose to leverage the time-varying degree distributions bias to

intervene in the inference for the 𝑇−th slot, as this inherent time-
varying characteristics of dynamic graphs can guide the model

toward more accurate predictions. To achieve the target, we only

need perform the intervention 𝐷 = ˆ𝑑𝑇 on the model during infer-

ence stage as:

𝑃 (𝑌 |𝑑𝑜 (𝑋 = 𝑥, 𝐹 = 𝑓 ), 𝑑𝑜 (𝐷 = ˆ𝑑𝑇 )) = 𝑃 (𝑌 = 𝑦 |𝑥, 𝑓 , ˆ𝑑𝑇 ), (12)

where
ˆ𝑑𝑇 denotes the degree distribution in𝑇−th time slot. Such an

intervention in probability directly equals the conditional probabil-

ity since we have removed the backdoor path between 𝐷 and 𝑌 in

the causal graph. Furthermore, since predicting future node degree

distributions is not our primary research focus, we only employ a

lightweight time-series forecasting method to compute
ˆ𝑑 as:

ˆ𝑑𝑇 = 𝑑 (𝑇−1) + 𝛽
(
𝑑 (𝑇−1) − 𝑑 (𝑇−2)

)
, (13)

where 𝑑 (𝑇−1) is the degree distribution in the (𝑇 − 1)−th time slot,

i.e., the nearest slot to the time slot to be inferred, and 𝛽 is the

hyper-parameter to balance the contribution of the distributions

drift in the prediction. Therefore, during the inference phase, the

conditional probability after incorporating the predicted future

degree distribution via Eq. (12) is given by:

𝑃

(
𝑌 = 𝑦 |𝑥, 𝑓 , ˆ𝑑

)
= 𝜎

(
𝑠𝑐𝑜𝑟𝑒𝜃

(
𝑦 |x, 𝑑 [:(𝑇−1) ]

))
× ˆ𝑑

𝛾

𝑇
, (14)

where 𝛾 denotes the smoothing hyper-parameter used for predic-

tion. Note that for the implementation convenience, we set 𝛾 equal

to the value in the training phase (𝛾 = 𝛾), which also yields com-

petitive performance. When 𝛾 = 0, the model degenerates to the

time-invariant deconfounded learning-only configuration without

the predicted degree distribution intervention.

5 Experiment
We validate the effectiveness of our Tide framework by answering

the following research questions (RQs):

RQ1 Can the Tide framework improve the performance of gener-

ative models on the dynamic link prediction task?

RQ2 What is the contribution of different contained components

in Tide to the performance?

RQ3 How do different construction methods of time-varying fea-

tures affect dynamic link prediction performance?

Table 1: Statistics of the datasets used in our experiments.

Dataset UCI ML-10M Hepth MMConv

Bipartite ✗ ✗ ✗ ✓

Learning setting Transductive Transductive Inductive Transductive

# Nodes 1,781 15,841 4,737 7,415

# Edges 16,743 48,561 14,831 91,986

# Time slots 13 13 12 16

RQ4 How do different debiasing methods affect generative dy-

namic link prediction performance?

RQ5 How is the performance of generative models affected by

different weights of the time-varying characteristic?

5.1 Experiment setup
5.1.1 Evaluation datasets. Following the previous work [28, 37],

we adopt the following four public datasets, including UCI [16],

ML-10M [5], Hepth [11] and MMConv [13], to examine the models’

performance. The statistics of the discussed datasets are shown

in Table 1. To guarantee the fairness of comparative experiments,

we adopt graph serialization and temporal alignment methods as

described in SimpleDyG [28] (the first work on generative dynamic

link prediction), and we choose the same evaluation metrics as

those used in SimpleDyG.

5.1.2 Model configurations. Following the previous research [28,

37], we adopt the decoder-only language model GPT-2 [19] as the

generative model. The learning rate, number of model layers, and

hidden layer dimensions are configured identically to SimpleDyG’s

experimental setup. For all four datasets, we consistently model the

original dynamic graphs as undirected graphs for input, regardless

of their inherent directionality. Furthermore, we adhere to the data

partitioning protocol in SimpleDyG. Specifically, given a dataset

uniformly divided into 𝑇 temporal segments: (1) Training utilizes

historical data from the first (𝑇 − 2) segments; (2) Validation takes

the training set as input with the (𝑇 − 1)-th segment as the ground

truth for model selection; (3) Testing utilizes the historical (𝑇 − 1)
segments as input while evaluating against the 𝑇 -th segment, i.e.,

ground truth. All experiments are conducted using PyTorch 1.13.1

on an Ubuntu 22.04 server with an NVIDIA GeForce RTX 3090 GPU

(24 GB memory).

5.1.3 Model summary. Since our work focuses on dynamic graphs,

we explicitly exclude methods designed for static graphs from our

comparative analysis, such as SEAL [36]. Additionally, although

LLM-based approaches have emerged [39], we exclude them from

our discussion due to their prohibitive computational requirements.

Therefore, the models discussed in this paper are as follows: (1) Two

discrete-time GNN-based models, i.e., DySAT [21] and EvolveGCN

[17]; (2) Six continuous-time GNN-based models, i.e., DyRep [23],

JODIE [9], TGAT [29], TGN [20], TREND [27] and GraphMixer [3];

(3) Two Transformer-based generative models, i.e., SimpleDyG [28]

and TopDyG [37].

5.2 Overall performance (RQ1)
To answer RQ1, we examine the dynamic graph link prediction

performance of our proposals as well as the baseline models in

Table 2, from which we can obtain the following observations:
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Table 2: Performance of dynamic link prediction of our proposal and the baselines on four datasets. (In each column, the best
result is bolded and the runner-up is underlined. All the performance data of baselines is obtained from previous work [28, 37].)

UCI ML-10M Hepth MMConv

NDCG@5 Jaccard NDCG@5 Jaccard NDCG@5 Jaccard NDCG@5 Jaccard

DySAT 0.010±0.003 0.010±0.001 0.058±0.073 0.050±0.068 0.007±0.002 0.005±0.001 0.102±0.085 0.095±0.080
EvolveGCN 0.064±0.045 0.032±0.026 0.097±0.071 0.092±0.067 0.009±0.004 0.007±0.002 0.051±0.021 0.032±0.017
DyRep 0.011±0.018 0.010±0.005 0.064±0.036 0.038±0.001 0.031±0.024 0.010±0.006 0.140±0.057 0.067±0.025
JODIE 0.022±0.023 0.012±0.009 0.059±0.016 0.020±0.004 0.031±0.021 0.011±0.008 0.041±0.016 0.032±0.022
TGAT 0.061±0.007 0.020±0.002 0.066±0.035 0.021±0.007 0.034±0.023 0.011±0.006 0.089±0.033 0.058±0.021
TGN 0.041±0.017 0.011±0.003 0.071±0.029 0.023±0.001 0.030±0.012 0.008±0.001 0.096±0.068 0.066±0.038
TREND 0.067±0.010 0.039±0.020 0.079±0.028 0.024±0.003 0.031±0.003 0.010±0.002 0.116±0.020 0.060±0.018
GraphMixer 0.104±0.013 0.042±0.005 0.081±0.033 0.043±0.022 0.011±0.008 0.010±0.003 0.172±0.029 0.085±0.016
SimpleDyG 0.104±0.010 0.092±0.014 0.138±0.009 0.131±0.008 0.035±0.014 0.013±0.006 0.184±0.012 0.169±0.010
SimpleDyG[Tide] 0.120±0.011 0.098±0.004 0.147±0.001 0.139±0.001 0.041±0.005 0.014±0.001 0.220±0.008 0.203±0.010
TopDyG 0.149±0.007 0.101±0.006 0.144±0.002 0.135±0.002 0.042±0.004 0.017±0.002 0.242±0.040 0.218±0.030
TopDyG[Tide] 0.150±0.010 0.129±0.006 0.148±0.001 0.139±0.001 0.051±0.005 0.019±0.002 0.266±0.009 0.233±0.005

Table 3: Ablation studies of Tide for the link prediction tasks. The biggest drop in each column is marked with ↓.

UCI ML-10M Hepth MMConv

NDCG@5 Jaccard NDCG@5 Jaccard NDCG@5 Jaccard NDCG@5 Jaccard

TopDyG[Tide] 0.150±0.010 0.129±0.006 0.148±0.001 0.139±0.001 0.051±0.005 0.019±0.002 0.266±0.009 0.233±0.005
w/o d.l. 0.147±0.023 0.084±0.002 0.136±0.012 0.124±0.015 0.056±0.011 0.020±0.004 0.243±0.045↓ 0.216±0.033↓
w/o int 0.091±0.012↓ 0.079±0.009↓ 0.100±0.029↓ 0.083±0.036↓ 0.025±0.003↓ 0.008±0.001↓ 0.247±0.045 0.217±0.030
TopDyG 0.149±0.007 0.101±0.006 0.144±0.002 0.135±0.002 0.042±0.004 0.017±0.002 0.242±0.040 0.218±0.030

SimpleDyG[Tide] 0.120±0.011 0.098±0.004 0.147±0.001 0.139±0.001 0.041±0.005 0.014±0.001 0.220±0.008 0.203±0.010
w.o d.l. 0.133±0.019 0.085±0.006 0.148±0.001 0.128±0.014 0.052±0.006 0.018±0.003 0.190±0.025↓ 0.176±0.022↓
w/o int 0.079±0.009↓ 0.068±0.005↓ 0.039±0.013↓ 0.035±0.011↓ 0.025±0.001↓ 0.009±0.001↓ 0.215±0.010 0.197±0.012
SimpleDyG 0.104±0.010 0.092±0.014 0.138±0.009 0.131±0.008 0.035±0.014 0.013±0.006 0.184±0.012 0.169±0.010

• Tide effectively improves the generative models’ accuracy
on the dynamic link prediction task. Specifically, the mod-

els SimpleDyG[Tide] and TopDyG[Tide] are the variants of Sim-

pleDyG and TopDyG running under the Tide framework, respec-

tively. Both variants demonstrate obvious performance improve-

ments in terms of NDCG and Jaccard metrics. Tide framework

helps the models achieve up to a 27.73% performance improve-

ment over the original baseline models on the three transductive

datasets. Even on the Hepth dataset, the Tide enables the two

models to achieve performance improvements up to 21.42%.

• Tide enhances the diversity of prediction outputs in gener-
ative models. TopDyG

[Tide]
demonstrates greater performance

gains in terms of Jaccard metric compared to NDCG on the UCI

dataset, and this pattern is consistently observed across ML-10M

and MMConv datasets. Additionally, SimpleDyG
[Tide]

shows the

same tendency on MMConv dataset. This phenomenon indicates

that the Tide enables models to generate more diverse outputs

by mitigating the adverse effects of high-frequency tokens.

• Tide framework enhances the stability of generative link
prediction. Specifically, SimpleDyG

[Tide]
model demonstrates

obviously reduced standard deviations of 88% (NDCG) and 87.5%

(Jaccard) compared to the original SimpleDyGwhen tested on the

ML-10Mdataset. For the inductiveHepth dataset, SimpleDyG
[Tide]

achieves 64% and 83% reductions in standard deviation for NDCG

and Jaccard metrics respectively, relative to the original Sim-

pleDyG. For TopDyG
[Tide]

, it shows obviously reduced standard

deviations of 77.5% (NDCG) and 83.3% (Jaccard) compared to the

original TopDyG when examined on the MMConv dataset.

5.3 Ablation study (RQ2)
To answer RQ2, we conduct an ablation study to thoroughly in-

vestigate the contribution of each component of our proposed

Tide framework. Specifically, we compare the Tide-enhanced mod-

els with their two variants: (1) w/o d.l., which replaces the time-

invariant deconfounded learning mechanism with the vanilla train-

ing method; (2) w/o int., which removes the time-varying inter-

vened inference mechanism.

As shown in Table 3, “w/o d.l.” leads to the biggest drop of both

NDCG and Jaccard on MMConv dataset. MMConv exhibits a bi-

partite graph structure, in which the nodes are strictly partitioned

into two disjoint sets. The time-invariant deconfounded learning

mechanism can help the model to decouple the confounded time-

varying features. On the other hand, though the variant “w/o d.l.”

still retains the time-varying intervened inference strategy, the bias

caused by the degree distribution is difficult to correct. Surprisingly,

the removal of time-invariant deconfounded learning (“w/o d.l.”)

yields better results than complete Tide frameworks for both back-

bones onHepth. The anomalous result suggests that in the inductive
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Figure 4: Performance comparison to examine the impact of
intervention techniques.

setting, the debiased representations learned via time-invariant de-

confounded learning strategy may be redundant, which ensures

the stability while partially constraining generalization capability

on unseen nodes. Additionally, for SimpleDyG[Tide] , although its

variant “w/o d.l.” obtains higher NDCG scores on UCI and ML-10M

datasets than the complete version, the Jaccard scores declined,

indicating that the important role of time-invariant deconfounded

learning in mitigating the negative effect of the degree bias.

In addition, for both TopDyG[Tide] and SimpleDyG[Tide] , “w/o
int.” causes the largest drop of both NDCG and Jaccard on UCI,

ML-10M and Hepth datasets, and the performance degradation

is particularly pronounced on the Hepth dataset. Both variants

perform even worse than their respective original versions. The

phenomenon indicates that the time-varying intervened inference

mechanism indeed helps the model capture the time-varying fea-

tures of the datasets. Moreover, in the Hepth dataset’s strict induc-

tive setting, central nodes in test stage are unseen during training,

which means that their historical sequences do not exist. Thus,

predicting their neighbors requires not only features of the unseen

nodes but also time-varying characteristics of the seen nodes.

5.4 Impact of intervention method (RQ3)
To investigate the effect of different types of time-varying inter-

vened inference methods, we modify the future time-varying fea-

tures in Eq. (14), i.e.,
ˆ𝑑𝑇 . The results are shown in Fig. 4.

We leverage three methods to predict the degree distributions

of the testing time slot. Specifically, TopDyG[Tide-L] takes the de-
gree distribution in the last seen time slot as the future degree

distribution; TopDyG[Tide] uses Eq. (13) to predict the future dis-
tribution, and TopDyG[Tide-I] denotes the ideal condition, which
leverages the true degree distribution in the next time slot to guide

the model to generate future neighbors. As clearly demonstrated in

Fig 4, TopDyG[Tide-I] consistently outperforms all baselines across

all datasets in terms of both NDCG and Jaccard metrics, which

is under the ideal condition. TopDyG[Tide-L] demonstrates com-

parable performance to the original TopDyG, with no significant

disparity observed between the two variants in general, although it

outperforms the original version on MMConv but underperforms

on UCI dataset. For TopDyG[Tide] , it predicts the future with the

distributions of the last two known time slots. Although there is still

a gap between TopDyG[Tide] and ideal condition TopDyG[Tide-I] ,
TopDyG[Tide] has outperformed the vanilla TopDyG and the vari-

ant TopDyG[Tide-L] . The superior performance of TopDyG[Tide]
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Figure 5: Performance comparison to examine the impact of
debiasing techniques.

and its ideal variant TopDyG[Tide-I] over TopDyG (which directly

uses global degree distributions) further validates the efficacy of

the time-varying intervened inference mechanism.

5.5 Effect of debiasing methods (RQ4)
To answer RQ4, we conduct experiments with three variants of

each of the two backbones: (1) no debiasing, (2) mutual information-

based (Mi) debiasing [37], and (3) our Tide framework.

As shown in Fig. 5, distinct patterns represent different debiasing

methods, while different colors indicate different backbones. Since

the vanilla TopDyG contains the Mi debiasing module, the variant

TopDyG[w/o Mi] refers to the no debiasing variant of TopDyG. We

can observe that for each backbone, the Tide-enhanced variants are

always better than the others. Although the Mi debiasing method

proves effective when using TopDyG as the backbone architecture,

SimpleDyG[Mi] underperforms the corresponding vanilla model.

The observed performance degradation on the inductive dataset

Hepth specifically demonstrates that debiasing approaches relying

on global degree distribution priors exhibit instability in induc-

tive scenarios, due to the inability to estimate the future degree

distribution during the inference stage.

5.6 Analysis on hyper-parameter 𝛾 (RQ5)
To answer RQ5, we examine the performance of TopDyG[Tide] on
the UCI, ML-10M and Hepth datasets by varying 𝛾 from 0 to 0.15

with a step size of 0.025. For the MMConv dataset, we set 𝛾 to range

from 0 to 0.0015 with an increment step of 2.5× 10−4 o. The results
are shown in Fig. 6.

First, the value of 𝛾 on MMConv dataset is much smaller than

those for the other three non-bipartite graph datasets. Combining

the observations in Sec. 5.3 with the bipartiteness of the MMConv

dataset, we can explain this phenomenon by the fact that although

it is bipartite, its link prediction still selects nodes from the complete

node set. When nodes from different categories serve as subgraph

centers, their corresponding candidate nodes sets are different in

the ideal conditions, making predictions more dependent on the

sequence-learned time-invariant features. Consequently, large 𝛾

values cause time-varying features to dominate over time-invariant

features, resulting in the predictions being primarily guided by the

estimated future degree distributions.

Next we zoom in on the trend of the curves. The metrics, i.e.,

NDCG and Jaccard reach the peaks when 𝛾 is between 0.05 and

0.125, showing an overall upward trend from 0 to 0.05, and a general
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Figure 6: Performance of TopDyG[Tide] with the parameter
𝛾 in Eq. (9) changing. The dark line represents the mean, and
the light shaded area indicates the standard deviation.

downward trend from 0.125 to 0.15 on the UCI and ML-10M dataset.

For the Hepth dataset, both NDCG and Jaccard metrics exhibit

an overall positive correlation with 𝛾 values. Building upon our

discussion of time-varying intervened inference mechanisms in

Sec. 5.3, we interpret this phenomenon as further evidence of time-

varying features’ critical role in dynamic link prediction under

inductive settings. For the MMConv dataset, NDCG and Jaccard

scores reach the peaks when 𝛾 is between 0.5× 10−3 and 1.0× 10−3,
showing an overall upward trend from 0 to 0.5×10−3, and a general
downward trend from 1.0 × 10−3 to 1.5 × 10−3. These observations
indicate that the optimal 𝛾 value is inherently related to graph

characteristics.

5.7 Case study
To clearly demonstrate the effectiveness of the Tide framework, we

select two representative samples from the UCI dataset for detailed

analysis. Fig. 7(a) shows the details. Specifically, the key “Node id”

denotes the central node of the 1-hop subgraph, and “Input” denotes

the serialized subgraph incorporating temporal identifiers, i.e., spe-

cial tokens representing the start of time slots. While the baseline

TopDyG model incorrectly predicts node 71 for both central nodes

447 and 494, TopDyG[Tide] generates more accurate predictions for

each respective central node than the baseline. We attribute these

observed phenomena to two primary factors:

• TopDyG’s errors predominantly stem from the influence
caused by global node degree distributions. Specifically, as
shown in Fig. 7(b), throughout the entire time span, node 71 main-

tains a higher degree than nodes 1618 and 1707. Consequently,

TopDyG fails to capture the temporal evolution of degree dis-

tributions since it is influenced by the global domination of the

high-degree nodes, such as node 71.

• Tide’s effectiveness derives from its ability to capture time-
varying characteristics in dynamic graph, i.e., the time-
varying degree distributions. Specifically, as shown in Fig. 7(c),

Node id: "447"
Input: "<|endoftext|> <|history|> 447 <|time0|> 448 456 438 465 <|time1|> 448 198 
89 492 130 380 164 284 518 242 529 389 456 131 396 2 345 544 292 387 193 298 440 
313 608 35 25 645 272 542 385 629 688 445 183 <|time2|> 385 193 183 <|time3|> 1239 
<|time4|> 1306 <|time5|> <|time6|> <|time7|> 1618 486 193 <|endofhistory|>"
Ground Truth: "1125" ,"1618";
Predicted by TopDyG: "71"
Predicted by TopDyG[Tide]: "1618"

Node id: "494"
Input: "<|endoftext|> <|history|> 494 <|time0|> 253 <|time1|> 17 89 58 <|time2|> 
<|time3|> 58 389 1310 89 1210 17 731 608 88 596 629 518 244 115 262 296 183 342 
<|time4|> <|time5|> 596 <|endofhistory|>"
Ground Truth: "1310", "1707", "1556", "1750";
Predicted by TopDyG: "71"
Predicted by TopDyG[Tide]: "1707"

(a) Two instances extracted from UCI dataset
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Figure 7: Performance comparison to examine the impact of
intervention techniques.

beginning at the 8-th time slot, degree of node 71 exhibits a pro-

nounced decline, while degrees of nodes 1618 and 1707 demon-

strate opposing upward trends. Intuitively, the future prediction

probability for node 71 should decrease while those for nodes

1618 and 1707 should correspondingly increase. The Tide frame-

work’s time-invariant deconfounded learning effectively dimin-

ishes the influence of global degree distributions, whereas its

time-varying intervened inference mechanism successfully cap-

tures the evolving patterns of time-sensitive degree distributions.

6 Conclusion and future work
In this paper, we propose Time-wise causal debiasing framework

(Tide) for generative dynamic link prediction, which consists of

time-invariant deconfounded learning and time-varying intervened

inference. Specifically, time-invariant deconfounded learning aims

to help the model capture the time-invariant features in the graph

by decoupling the model prediction score from the node degree

distribution. Additionally, time-varying intervened inference re-

gards the time-varying degree distributions as an intrinsic feature

of dynamic graphs to guide the models to generate accurate results.

Comprehensive experiments on four public datasets of dynamic

graphs validate the effectiveness of Tide framework, with consistent

and steady performance improvements.

In future research, we intend to generalize the causal interven-

tion approach to applications integrating large language models

with dynamic graph networks, with the objective of advancing

LLMs’ capability to model temporal graph dynamics.
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