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Abstract

Link prediction in dynamic graphs (LPDG) has been widely
applied to real-world applications such as website recom-
mendation, traffic flow prediction, organizational studies, etc.
These models are usually kept local and secure, with only the
interactive interface restrictively available to the public. Thus,
the problem of the black-box evasion attack on the LPDG
model, where model interactions and data perturbations are
restricted, seems to be essential and meaningful in practice. In
this paper, we propose the first practicable black-box evasion
attack method that achieves effective attacks against the tar-
get LPDG model, within a limited amount of interactions and
perturbations. To perform effective attacks under limited per-
turbations, we develop a graph sequential embedding model
to find the desired state embedding of the dynamic graph
sequences, under a deep reinforcement learning framework.
To overcome the scarcity of interactions, we design a multi-
environment training pipeline and train our agent for multiple
instances, by sharing an aggregate interaction buffer. Finally,
we evaluate our attack against three advanced LPDG mod-
els on three real-world graph datasets of different scales and
compare its performance with related methods under the in-
teraction and perturbation constraints. Experimental results
show that our attack is both effective and practicable.

Code — https://github.com/JetRichardLee/GSE-METP

Introduction

Dynamic graph sequences are a crucial structure for captur-
ing the temporal dynamics of real-world systems. They rep-
resent the timing information within a dynamic graph, such
as the historical evolution of interactions in a system. Link
Prediction in Dynamic Graphs (LPDG), illustrated in Figure
1, leverages a dynamic graph sequence as input to predict
future links for the next timestamp. Accurate predictions are
highly valuable for a wide range of applications, including
online recommendations, traffic management, and model-
ing disease contagion. In recent years, numerous methods
for LPDG have been developed, including DynGEM (Goyal
et al. 2018), MTCP (Zhou et al. 2018), EvolveGCN (Pareja
et al. 2019), DyGCN (Manessi, Rozza, and Manzo 2020),
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Figure 1: Illustration of LPDG: a dynamic graph sequence is
taken as an input, and the LPDG model is trained to predict
the future graph in the next time slice.

and MetaDyGNN (Yang et al. 2022a). These methods dif-
fer in their prediction settings. For example, MTCP and
DyGCN focus on predicting the entire future graph at the
next timestamp, whereas EvolveGCN and DynGEM provide
predictions for the next set of changing edges.

Like adversarial attacks on static graphs, recent work (Fan
etal. 2021) shows that LPDG for dynamic graphs is also vul-
nerable to black-box evasion attack, a practical attack where
the attacker has no access to parameters or structure of the
target model. However, the existing attack (called SAC) (Fan
et al. 2021) based on reinforcement learning (RL) requires
millions of interactions with the target model. Despite that,
due to a coarse embedding method on the graph sequence,
SAC is unable to attack large-scale graphs with large state
spaces. These limitations inhibit SAC from being a practica-
ble attack method in real-world scenarios.

We propose the first practicable black-box evasion attack
on LPDG methods. Given a target model and instance, we
generate the perturbed instance with only a few interactions
with the model, while achieving promising attack results.
Our attack method mainly consists of two novel designs:

1) A graph sequential embedding (GSE). GSE has a static
degree embedding for every graph in the sequence, which
enables it to find the desired state representations of the
embedding sequence using two Long Short-term Mem-
ory (LSTM) (Hochreiter and Schmidhuber 1997) net-
works. Later, these representations can be applied to per-



form the black-box attack based on a deep deterministic
policy gradient (DDPG) (Silver et al. 2014) framework.

A multi-environment training pipeline (METP). Con-
sidering that our model does not have sufficient resources
for RL due to the limit on the interactions per instance,
we hypothesize that there are similarities between in-
stances from the same dataset and the same target model,
and that training experience can be shared between them.
Based on this hypothesis, we design a multi-environment
training pipeline that sets multiple target instances as en-
vironments and trains a single model to attack them all.

2)

Via testing on three recent LPDG models, Dynamic
Graph Convolutional Network (DyGCN) (Manessi, Rozza,
and Manzo 2020), Attention Based Spatial-Temporal Graph
Convolutional Network (ASTGCN) (Guo et al. 2019) and
Hyperbolic Temporal Graph Network (HTGN) (Yang et al.
2022b), over three real-world datasets, our method proves
to be both reliable and effective under the practicable con-
straints and achieves state-of-the-art performance. Ablation
experiments demonstrate the rationality of our graph se-
quential embedding design and multi-environment design.

Our main contributions are summarized as follows:

e We propose the first practicable black-box evasion attack
against LPDG, which learns effective attacks by only a
few amount of interactions with the target model.

We develop a GSE method that assists to find reliable
state embeddings for the RL framework to learn effective
attacks. Furthermore, we design a METP to overcome the
constraint of target model interactions by sharing experi-
ence between multiple instances.

Evaluation results demonstrate the superiority of our
practicable black-box attacks. Ablation experiments
prove the rationality and effectiveness of our designs.

Related Work
Adversarial Attacks on Static Graphs

Existing attacks on graph learning for static graphs are clas-
sified as poisoning attacks and evasion attacks. Poisoning
attack (Dai et al. 2018; Ziigner and Giinnemann 2019; Xu
et al. 2019; Takahashi 2019; Liu et al. 2019; Sun et al. 2020;
Zhang et al. 2021; Wang, Pang, and Dong 2023; Yang et al.
2024) is performed in the training phase (and testing phase).
In training-time poisoning attacks, given a graph learning al-
gorithm and a graph, an attacker carefully perturbs the graph
(e.g., inject new edges to or remove the existing edges from
the graph, perturb the node features) in the training phase,
such that the learnt model misclassifies as many nodes, links,
or graphs as possible on the clean testing graph(s). A spe-
cial type of poisoning attack, called backdoor attack (Zhang
etal. 2021), also perturbs testing graphs in the testing phase.
Further, Yang et al. (2024) generalize the backdoor attack on
graphs in the federated learning setting (Wang et al. 2022).
Evasion attack (Dai et al. 2018; Xu et al. 2019; Wang and
Gong 2019; Wu et al. 2019; Ma et al. 2019; Ma, Ding, and
Mei 2020; Li et al. 2021; Mu et al. 2021; Wang, Li, and
Zhou 2022; Wang, Pang, and Dong 2023; Wang et al. 2024)
is performed in the inference phase. In these attacks, given
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a graph learning model and clean graph(s), an attacker care-
fully perturbs the graph structure or/and node features such
that as many nodes or graphs as possible are misclassified
on the perturbed graph(s) by the given model.

Deep Deterministic Policy Gradient

RL approaches with the actor-critic structure have been pro-
posed and received great attention. In Haarnoja et al. (2018),
the soft actor-critic (SAC) is described, with an additional
reward on the entropy of the policy distribution. In Schul-
man et al. (2017), it proposes the proximal policy optimiza-
tion (PPO), based on the trust region policy optimization
(TRPO) (Schulman et al. 2015), with the clipped surrogate
objective added to the loss function as refinement. In (Silver
et al. 2014), the deterministic policy gradient (DPG), whose
policy gives a deterministic action instead of a possibility
distribution, is proposed. And in (Lillicrap et al. 2015), deep
deterministic policy gradient (DDPG) is proposed with the
extension of deep reinforcement learning to DPG.

Practicable Black-box Evasion Attack

In this section, we first define the practicable black-box eva-
sion attack problem, and then introduce our two main de-
signs, the graph sequential embedding (GSE) and the multi-
environment training pipeline (METP). GSE learns the hid-
den sequential features of the dynamic graph sequence, and
gives the embedding states, which are used by the policy
network and the Q network of a DDPG agent. The agent’s
policy network and Q network are trained under the METP
and propagate gradients back to train the GSE models.

Problem Definition

LPDG Model Simulating a real-world attacking scenario,
the LPDG model is private on its structure and parameters,
but public on prediction interactions in limited chances. We
only have the interface for inputting a dynamic graph se-
quence and receiving the prediction.

Clean input data A finite sequence of undirected graphs
G = {G1,Ga,...,Gr} is given as the input data, where
Gt = (V4, E;),Vt € [1 : T denotes a snapshot graph at the
time slice ¢. V; is the set of nodes and E, is the set of edges.
In our attack setting, we could perform limited perturbations
on the edge data & = {E,,Vt € [1: T}

Output and metric The target LPDG model M is a black-
box function. It predicts the edges of the graph at the next
time slice G, = M(G) = (V},4, E},,) and evaluates
the performance by comparing E¥. 1 With the ground truth
Eri1 € Gpyi. We use the F1 score as a metric to evaluate
the prediction and expect the attack to fool the model by
having as low F1 as possible.

|Ery1 N Ep |
|7 41
|ET+1 N E?+1‘
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Attack Under Reinforcement Learning Since we have
no knowledge of the LPDG model but only chances to inter-
act with it, it requires us to learn from experience generated
by limited exploration. Therefore, we apply a reinforcement
learning method as our basic framework to perform the at-
tack. We define our attack problem as follows.

State The perturbed dynamic graph sequence G
{631, Go,....Gr } describes the ground information during
the attack. Since we only care about the E% | € GY_
in the link prediction result, we assume that the nodes in
the graph sequence are fixed as V, = V.t € [1,T + 1]
and basically, use an adjacency matrix sequence A= {
Al, 1212, e Ar } to represent the state of the dynamic graph
sequence. This raw representation has a large state space and
lacks the essential feature extraction, making the policy and
the Q difficult to converge. Therefore, in this paper we will
introduce a new way to represent the state.

Action The action we take in the RL framework is the per-
turbation we apply to the dynamic graph sequence. Each
time we perform an action a, we add one edge (u,v),u,v €
V and delete one edge (u/,v"),u’, v’ € V for all the A e A
in the sequence and obtain a new matrix sequence A

A=A (lu]l] = L] =0)t e [LT] @)

Environment and reward In our black-box attack on
LPDG, the environment is the LPDG model M and the orig-
inal dynamic graph sequence G. At the attack step k, we per-
form an attack action ay, to the edge sequence Ay and get the
next attacked sequence Ak;.i,.]. We feed it into the model M
and get the output E; 41611+ The F1 score metric fi41 is
computed by comparing it with the original E741 € Gp41.
Depending on how much the prediction performance de-
creases from the previous prediction metric fx, we give the
reward for the action a; and the state S, = /lk

r(Sk,ar) = fFH— fF )

Practicable constraints There are two constraints for the
agent to satisfy the practicability requirement. First, for each
attack instance M and G, it is only able to perturb a few
amount of edges. We set the ¢ as the ratio limit and n as the
amount limit. For an attack attempt, we could only have K
perturbations in total, which satisfies the constraint:

K = min(§|Epmazl,n) 4)

| Ermaz| = |V|?/2 is the maximum number of edges on the
graph and n is a relatively small constant. In the second con-
straint, the agent only has limited chances to interact with the
target model M. To learn attacks for one instance, we could
only query M within I times during the training.

Graph Sequential Embedding
As mentioned before, the state space of the raw matrix se-

quence A is too large, and makes the deep reinforcement
learning difficult to converge. Therefore, we develop a graph
sequential embedding (GSE) method, to embed it into a
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Figure 2: Illustration of the proposed GSE method.

smaller state space. Our GSE method consists of two mod-
ules, a static degree embedding module and a dynamic se-
quential embedding module.

Static Degree Feature In the static degree embedding, we
first compute a degree feature to embed each graph ma-
trix in the sequence first. In step a, we multiply the aver-
age adjacency matrix A = average(A) of the original dy-
namic graph sequence, with an all-one tensor in the shape
of |V| x 1, which gives the average degree of each node
in the original sequence. We multiply this again by the av-
erage adjacency matrix and get the amount of nodes con-
nected within two steps. This doesn’t work exactly for the
three steps and the four steps, but we use the same method
to approximate them. We describe this as:

d = {do, Ady, A%do, A’do}, do = [jvxa ()

In the step b, we normalize each of the last three separately

with the batchnorm function bn. We then additionally inject

a |V x 4 random noise feature by concatenation to enhance

the feature’s expressiveness (Sato, Yamada, and Kashima
2021). Our final degree feature F' is represented by:

F = [[Random]|v .4, do, bn(d1),bn(dz), bn(ds)]  (6)

This feature is calculated at the start of the attack for each
instance, and it remains static throughout the learning.

Dynamic Sequence Embedding After we compute the
static degree feature F', we multiply it with each matrix
Ayt € [1,T] to get the degree embedding sequence X =
{X1,Xs,...,X7p} € RTxIVIXI8l.

X =AF (N

This process is described as step a in Figure 2. Then in

step b, we use an LSTM module, to dynamically find the

efficient embedding state S for the graph sequence through
training. For simplicity, we denote this process as SE:

ho = X1,

Li(-)=W; X+ bi,_,

ir = o (Li(i) + La(3)),

gt = tanh(Li(g) + Ln(g)),

ct = frc—1) +itgt, he =ortanh(ct),

S =8E(X)=hr

Co = 0,

Ln(-) = Wh, ht—1 + bn,_,
fe=0o(Li(f) + Ln(f)),
ot = o(Li(0) + Lr(0)),
vt e [1,T]

®)



B —®—> delete Edge N
Ak
D Graph Sequential o add edge
o Embedding >
olic A
Adjancecy Matrix beanms _Depree Netwg’rk Action Adjancecy Matrix Buffer

Sequence Embedding

Sequence

Figure 3: An overview of the agent interaction.

In our attack design, we actually use two different GSE mod-
els to train embedding states for the actor and the critic. They
share the same degree embedding X, but separate LSTM
modules and result states. We denote the LSTM modules
as LSTM-p and LSTM-q, the embedding processes as SE,,
and SE,, the embedding states as SP and S for the policy
network and the Q network respectively.

Multi-Environment Training

Our multi-environment training is designed based on a
DDPG method. In traditional reinforcement learning, an
agent is trained in one or more but identical environments.
However, in a practicable attack, we have a limit on the
amount of interactions for each attack instance. Hence, we
train one agent under several separate instances instead. We
attack them alternately and learn our agent from the col-
lective experience they share. These instances are under the
same dataset and the same target model, and we believe that
they have similarities in the state space and help to explore
more efficiently.

There are three main tasks in our multi-environment train-
ing pipeline, (1) perform attack interactions with each in-
stance against the target model; (2) train the Q network and
the Q GSE module; (3) train the policy network and the pol-
icy GSE module. In each attack step, we perform the three
tasks sequentially.

Attack Interaction The Figure 3 describes how our agent
performs the attack on each instance. In each attack step
k € [1, K], we have the adjacency matrix sequence A, gen-
erated from the k — 1 step, and the static degree feature F’
computed in advance. In step a, we apply our graph sequen-
tial embedding method, through the degree feature F' and
the LSTM-p module, and obtain the degree embedding A
and the graph sequential embedding S},. In step b, we design
our policy network g based on an MLP network, denoted
M L Py, to select our add and delete action:

110 (Sy) = Sigmod(M LPy(SY)) * ©9)

However, there are two situations where we will use a
random action instead. First, the interaction records in the
shared buffer are smaller than the batch size, so we need
to fill it with random attacks first and allow our agent to
start training in the following sections. Otherwise, the buffer
would be filled with similar actions generated by the un-
trained policy, leading the agent to a meaningless training

Vi

26268

c. Train the Q network
and LSTM-q module

Loss = MSE(Q, 1)
Q->Q

LSTM-q -> LSTM-q’

- %

Action Batch

Reward
Batch

T

Q Values

i

Shared Buffer Under
Multi-environment

Q network

b. Obtain Q value with GSE
state and action batch

Figure 4: Training pipeline for the Q network and Q GSE.

result. The second case is that we hope to explore the state
space during the attack, so when we go for a certain attack
steps we will apply a random action instead. Finally our ac-
tion ay, is selected from:

|

After obtaining the action aj, we apply it to the previous
sequence Ay, generate a new graph sequence Ay, 1, perform
the prediction on the target LPDG model M and obtain the
reward 7 in step c. We write the embedding sequence A,
the action ay and the reward 7, to the shared replay buffer
in step d.

attack
random

,LLG(SIZc))v

Grand,

(10)

Q Training The Figure 4 describes the process of training
the Q network and the Q GSE model. The shared buffer has
received experience from several instances, and we sample
them collectively. The sample consists of a batch of embed-
ding sequences X}, actions ap and rewards r, = r(Xp, ap)
from the shared buffer. In step a, we feed them to the LSTM-
q to get their sequential embedding states S for the critic:

59 = SE,(X,) (11)

In step b, we use an MLP model, denoted as M LF,, as
our Q network:

QS ap) = MLP,([ay, SY]) (12)
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In the deep reinforcement learning, the value function
Q(S, a) is usually defined as:

Q(S,a) =r(S,a) +1Q(S", uo(5")) (13)

S’ is the next state after S takes the action a. For the LPDG
attack, however, the order of actions is not critical. If a set
of actions [a1, as, .., ax] leads the state from S; to Sk 11
and the order is changed arbitrarily, the final state will still
be Sk 1. Therefore, we concentrate on learning the Q-value
for the reward itself:

Q(S,a) =r(S,a)

and in step ¢ we use the MSE loss to define the Q loss for
the Q network and the Q GSE to train:

lossg = MSE(Q(SY,ap),rp)

(14)

(15)

Finally, we back propagate the Q loss to update the Q net-
work and the Q GSE model with the learning rate 7:

Q1+ (1 -7
LSTM] < TLSTM, + (1 — 7)LSTM],

(16)
a7

Policy Training The Figure 5 describes the process of
training the policy network and the policy GSE under the
multi-environment. Similar to the Q training, we have the
same batch of interaction samples from the shared buffer:
embedding sequences X} and actions ay. In step a, we for-
ward embedding sequences to the updated LSTM-q’ module
to obtain the GSE states S’ of Q:

S = SE,(X) (18)
In step b, we forward embedding sequences to the LSTM-p
to obtain the GSE states SP. Then we feed them to the policy
network g to get the policy actions ag:

SP = SEp(Xb), ag = ‘[LQ(SP) (19)
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| Name | Node | Average Edges [ Graph type |
Haggle 274 12584 Human contact
Facebook | 1000 97779 Social circle
AS 6474 141845 Traffic flows

Table 1: A brief description of datasets.

We define our policy loss as the scalar product of the differ-
ences between the actions and the decreases in the Q values.
This means that if an action in ag is worse than that in the
ap, we hope to learn towards the batch one, otherwise we
hope to stay the same. We update the policy network and the
policy GSE with the learning rate 7 as follows:

d(sq/7ab) = ma‘x(O»Ql(Sq/?ab) - Q@(Sql7a9)) (20)
loss#G(Sq/, ap) = MSE(ap,ag) - d(Sq’, ap) (21)
py < The + (1 —7)pg (22)

LSTMI’, — TLSTM, + (1 - T)LSTMI/) (23)

Experiments

In this section, we test our attack method on three real-world
datasets against three LPDG models, compared with four
baseline black-box evasion methods. The experiments con-
sist of two aspects, the performance evaluation and the in-
teraction scale impact test for ablation study.

For each setting, it consists of the attack method C, the
dataset D, the LPDG model M, the perturbation constraint
K = min(0|Epqz|,n) and the interaction constraint 1. We
first take 10 different instances from the dataset D, each con-
sisting of 11 temporal graphs. The first 10 graphs are the
input to M and the last 1 is the ground truth for the pre-
diction. We use these instances to train the target model M,
and apply the attack method C to perform a black-box attack.
Each attack consists of several attempts. In each attempt, the
agent gives at most K perturbations to the sequence, and the
lowest prediction metric achieved during the perturbations
is taken as the result of that attempt. The total number of in-
teractions with the target model, taken by all attempts, could
not exceed /. Once interactions are exhausted, we take the
best result of all attempts as the performance of the setting.

Experiments Setting

Datasets We use three real-world datasets with varying
scales, and their properties are shown in Table 1.

Haggle This is a social network available at KONECT and
published in (Kunegis 2013), representing the connection
between users measured by wireless devices.

Facebook This is a subgraph of the “Social circles: Face-
book” social networks from SNAP (Leskovec and Sosi¢
2016). We randomly delete edges to generate the dynamic
graph sequences.

Autonomous systems “AS-733” is a large traffic flow net-
works available on SNAP (Leskovec and Sosi¢ 2016). We
randomly delete edges to generate the dynamic graph se-
quences as well.



Compared Attack

Random attack In this attack method, the agent randomly
chooses two nodes to add an edge and two nodes to delete
an edge as the action.

SAC attack This attack is introduced by (Fan et al. 2021),
which claims to be the first black-box evasion attack on
LPDG problem. However, without any constraint on inter-
actions, we conclude that this method is impracticable, and
prove this in our experiments.

SAC-METP attack This attack is an ablation version
of our method. It applies the multi-environment training
pipeline, but takes the same graph embedding method as
(Fan et al. 2021).

GSE attack This attack is an ablation version of our
method. It applies the graph sequential embedding method,
but the models for different instances are trained and applied
separately.

GSE-METP attack This attack is the complete version of
our method. It applies both the graph sequential embedding
method and the multi-environment training pipeline.

LPDG Model

DyGCN Dynamic Graph Convolutional Network
(DyGCN) (Manessi, Rozza, and Manzo 2020), is an exten-
sion of GCN-based methods. It generalizes the embedding
propagation scheme of GCN to the dynamic setting in an
efficient manner, and propagates the change along the graph
to update node embedding.

ASTGCN Attention Based Spatial-Temporal Graph Con-
volutional Networks (ASTGCN) (Guo et al. 2019), has sev-
eral independent components. Each of them consists of
two parts, the spatial-temporal attention mechanism and the
spatial-temporal convolution. In our adaption for experi-
ments, we use one component to consist a test ASTGCN.

HTGN Hyperbolic Temporal Graph Network
(HTGN) (Yang et al. 2022b) is a temporal graph em-
bedding method, which learns topological dependencies
and implicitly hierarchical organization of each graph
sequence individually and gives link predictions on it.

Attack Settings For the performance evaluation, we set
the default attack rate limit to § = 0.02, the default attack
amount limit to n = 1000, and the default interaction limit to
I = 5K to make the attack attempts complete in tests. Then,
in the interaction impact test, we show our attack results in
full on different I € [K, 10K].

Experiments Results

Effectiveness Evaluation Table 2 shows the performance
of the four attack methods under the default setting against
three LPDG models. As shown in the table, our GSE and
GSE-METP methods perform best in these tests. Under con-
straints, the SAC method has good results on the small
dataset, while in most cases it behaves close to or worse than
the random method. This suggests that it is not a practicable
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Method Haggle Facebook AS
Edge Ratio(9) 2% 0.2% 4.8e-5
Edge Amount(n) 751 1000 1000
Interaction([) 3755 5000 5000
DyGCN (Original) 0.9930 0.9745 0.8990
Random 0.8979 0.9681 0.8862
SAC 0.8149 0.9665 0.8899
SAC-METP 0.8094 0.9651 0.8890
GSE(Ours) 0.8043 0.9629  0.8910
GSE-METP(Ours) 0.8118 0.9653 0.8573
ASTGCN (Original) | 0.9852 0.9862  0.8303
Random 0.9752 0.9298  0.8276
SAC 0.9825 0.9853 0.8264
SAC-METP 0.9750 0.9859  0.8263
GSE(Ours) 0.9748 0.9407  0.8226
GSE-METP(Ours) 0.9702 0.9011  0.8020
HTGN (Original) 0.9753 0.9375  0.8665
Random 0.8083 0.8652  0.8377
SAC 0.9603 09145  0.8526
SAC-METP 0.9676 0.9141 0.8527
GSE(Ours) 0.8311 0.8930  0.7944
GSE-METP(Ours) 0.7417 0.8494  0.7649

Table 2: Performance evaluations on the default setting.

method. Our GSE-METP method behaves effectively on all
experiment settings. On the largest dataset AS, GSE-METP
has significantly better performance than others. This vali-
dates that GSE-METP is the first practicable black-box eva-
sion attack against LPDG methods.

Ablation Study Figure 6 shows our method is more ef-
fective as the interaction limit grows compared with other
methods. First, on the small Haggle, SAC and SAC-METP
are effective when the interactions are enough for training,
but fail to converge to good results on the large Facebook
and AS. Instead, our GSE and GSE-METP converge to bet-
ter attacks. This ablation study proves the effectiveness of
our GSE design. Second, SAC-METP and GSE-METP con-
verge faster than SAC and GSE, and also result in better per-
formances. This ablation study shows the efficiency of our
multi-environment training pipeline design.

Why SAC fails? We further tracked the states and actions
during SAC’s attack and ours to explore the reason that SAC
fails. We found that SAC’s represented state has a relatively
small variance during the attack, meaning it nearly does not
change, while ours changed apparently. For instance, on a
sample from Haggle on DyGCN, we observed SAC’s add
actions converge to the {0,0} action, and the variance of its
delete actions also decreases from {8032, 4890} to {39, 84}.
In contrast, GSE-METP has average actions on {97,126} for
adding and {152, 130} for deleting and exhibits greater vari-
ance {4655, 4708} for adding and {4388, 7405} for delet-
ing. This suggests GSE-METP adapts its action nodes more
responsively in different states, aligning with the ideal agent
behavior. As for final performance, SAC only reduces accu-
racy to 0.854, while GSE-METP to 0.724.
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Figure 6: Interaction impacts on DyGCN, ASTGCN and HTGN.
Based on the observation above, we made an inference for Conclusion

SAC’s poor performance: SAC relies on a ranking of node
degrees as the state, which is relatively static during learn-
ing as each action pair changes the degrees of at most four
nodes. Consequently, the generated state representations of
dynamic graphs stay nearly constant during the attack pro-
cess. When the replay buffer is filled with repetitive states,
each with a high negative reward, the policy network tends to
produce extreme actions to avoid further negative rewards.
This results in SAC repeatedly selecting delete-add actions
on the same node pair—{0,0} or {V, V}, which is apparently
an undesired behavior.
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We propose the first practicable black-box evasion attack
against the link prediction in dynamic graph models. We
design a graph sequential embedding method and a multi-
environment training pipeline, and combine them with a
deep reinforcement learning method, DDPG, to perform
effective attacks under interaction and perturbation con-
straints. Experiments on three advanced LPDG methods
demonstrate the effectiveness of our attack. Crucial future
work is to design provably robust LPDG against the pro-
posed evasion attacks, inspired by existing certified defense
on static graphs (Wang et al. 2021; Xia et al. 2024).
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