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Abstract

Graph Foundation Models (GFMs) are pre-trained on di-
verse source domains and adapted to unseen targets, enabling
broad generalization for graph learning. Despite that GFMs
have attracted considerable attention recently, their vulnera-
bility to backdoor attacks remains largely underexplored. A
compromised GFM can introduce backdoor behaviors into
downstream applications, posing serious security risks. How-
ever, launching backdoor attacks against GFMs is non-trivial
due to three key challenges. (1) Effectiveness: Attackers lack
knowledge of the downstream task during pre-training, com-
plicating the assurance that triggers reliably induce misclas-
sifications into desired classes. (2) Stealthiness: The variabil-
ity in node features across domains complicates trigger inser-
tion that remains stealthy. (3) Persistence: Downstream fine-
tuning may erase backdoor behaviors by updating model pa-
rameters. To address these challenges, we propose GFM-BA,
a novel Backdoor Attack model against Graph Foundation
Models. Specifically, we first design a label-free trigger as-
sociation module that links the trigger to a set of prototype
embeddings, eliminating the need for knowledge about down-
stream tasks to perform backdoor injection. Then, we intro-
duce a node-adaptive trigger generator, dynamically produc-
ing node-specific triggers, reducing the risk of trigger detec-
tion while reliably activating the backdoor. Lastly, we develop
a persistent backdoor anchoring module that firmly anchors
the backdoor to fine-tuning-insensitive parameters, enhanc-
ing the persistence of the backdoor under downstream adap-
tation. Extensive experiments demonstrate the effectiveness,
stealthiness, and persistence of GFM-BA.

1 Introduction

Graph Foundation Models (GFMs) are designed to be pre-
trained on various graph data from diverse domains, and
subsequently adapted to a wide range of downstream tasks in
the target domain (Liu et al. 2025; Mao et al. 2024; Shi et al.
2024a,b). Existing efforts (Zhao et al. 2024; Yu et al. 2024,
2025; Wang et al. 2024b) towards GFMs have demonstrated
strong knowledge transfer from pre-training source domains
to target domains, achieving superior performance. While
the pre-training and adaptation paradigm (Zi et al. 2024;
Tang et al. 2024a; He and Hooi 2024; Lachi et al. 2024) has
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driven the success of GFMs, they also introduce new po-
tential security vulnerabilities, particularly backdoor attacks
(i.e., inserting backdoors into the model that cause it to mis-
behave when encountering certain triggers). For GFMs, at-
tackers can exploit the pre-training stage to inject backdoors
and release compromised pre-trained GNNs to the public.
Downstream users who adopt these pre-trained models un-
knowingly inherit the backdoor, exposing their downstream
applications to targeted manipulation. These threats pose
risks to critical applications of GFMs such as drug discov-
ery (Bongini, Bianchini, and Scarselli 2021) and financial
fraud detection (Cheng et al. 2020).

Backdoor attacks for traditional GNNs have been exten-
sively studied (Zhang et al. 2021; Xi et al. 2021; Dai et al.
2023; Zheng et al. 2023; Xu, Xue, and Picek 2021). How-
ever, backdoor attacks against traditional GNNs and GFMs
have fundamental differences. As shown in Figure 1, ex-
isting backdoor attacks against GNNs operate under three
presumed conditions where (1) labels for downstream tasks
are accessible during the backdoor injection phase; (2) the
training and downstream graphs originate from the same do-
main; (3) the backdoor model remains unchanged during the
downstream usage. In the context of GFMs, all three condi-
tions may not hold, leading to three key challenges for de-
signing backdoor attacks against GFMs: (1) Effectiveness:
During the pre-training stage, downstream task knowledge is
inaccessible. How to ensure that the injected trigger consis-
tently induces a specific label that aligns with the attacker’s
intent? (2) Stealthiness: The distribution and semantics of
node features can vary significantly across different graph
domains (Mao et al. 2024; Shi et al. 2024a). How to design
triggers that remain stealthy across diverse downstream do-
mains? (3) Persistence: Downstream adaptation may modify
the learned model parameters, thereby erasing the backdoor
effect (a phenomenon known as backdoor forgetting (Gu
et al. 2023)). How can attackers embed backdoors that can
remain persistently effective after downstream fine-tuning?

To address the aforementioned challenges, we propose
GFM-BA(Code:  https://github.com/RingBDStack/GFM-
BA.), a novel model for performing Backdoor Attacks
against Graph Foundation Models. First, to solve the effec-
tiveness challenge and achieve label-specific manipulation
without access to downstream knowledge, we design a
label-free trigger association module, which links triggers
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Figure 1: Key differences between backdoor attacks against traditional GNNs and GFMs.

to a set of prototype embeddings during pre-training. During
the downstream trigger injection phase, the attacker can
identify which prototype embedding aligns with the desired
target label and injects the corresponding trigger through a
few trial queries. Second, to solve the Stealthiness challenge
and ensure that the injected trigger remains stealthy across
diverse downstream domains, we develop a node-adaptive
trigger generator, which dynamically produces context-
aware triggers conditioned on the context of each target
node instead of using fixed triggers. It enhances stealthiness
while ensuring reliable backdoor activation. Besides,
GFM-BA does not modify the clean pre-trained model
but instead activates the latent backdoor already hidden in
the encoder. Lastly, to solve the persistence challenge and
maintain the functionality of the backdoor after downstream
fine-tuning, we introduce a persistent backdoor anchoring
module, which anchors the backdoor to parameters in the
pre-trained model that are unlikely to change significantly
during downstream adaptation. By embedding the backdoor
into these stable regions of the model, the trigger-target
association becomes less susceptible to being forgotten.
Our main contributions can be summarized as follows:

* We study backdoor attacks against Graph Foundation
Models, highlighting the significant trustworthiness con-
cerns in the development of GFMs.

* We propose GFM-BA, a novel backdoor attack model for
GFMs containing three tailored modules targeting the ef-
fectiveness, stealthiness, and persistence challenges.

* We conduct extensive experiments and show that GFM-
BA consistently outperforms existing methods against
three representative victim GFMs, demonstrating its su-
perior performance.

2 Related Work

Graph Foundation Models. Graph Foundation Models
(GFMs) aim to capture generalizable graph knowledge that
enables positive transfer across tasks and domains (Liu et al.
2025; Mao et al. 2024; Shi et al. 2024a; Wang et al. 2024b;
Zi et al. 2024; Tang et al. 2024a; He and Hooi 2024; Lachi
et al. 2024; Xia, Kao, and Huang 2024). They are typi-
cally pre-trained using self-supervised objectives, such as
link prediction (Yu et al. 2024; Zhang and Chen 2018)
or graph contrastive learning (Zhao et al. 2024; Yu et al.
2025), over multiple source datasets. The resulting model is

then adapted to downstream tasks on target graphs through
task-specific fine-tuning (Zhao et al. 2024; Hassani 2022;
You et al. 2020) or prompting (Sun et al. 2022a, 2023,
2022b; Fang et al. 2023; Tang et al. 2024b). For example,
GCOPE (Zhao et al. 2024) attempts to mitigate the neg-
ative transfer by introducing domain-specific virtual nodes
that interconnect nodes across domains, aligning the seman-
tic patterns. MDGPT (Yu et al. 2024) introduces a two-
stage prompting strategy to adapt target domains by integrat-
ing unified multi-domain knowledge with domain-specific
information. SAMGPT (Yu et al. 2025) further introduces
structure tokens to align various structural distributions.
However, the trustworthiness of GFMs remains largely un-
explored in the current literature.

Graph Backdoor Attacks. Graph backdoor attacks (Lyu
et al. 2024; Zhang et al. 2023, 2021; Xi et al. 2021; Dai
et al. 2023) aim to manipulate backdoored GNNs to pre-
dict a specified label for any input embedded with triggers
(typically small subgraphs (Zheng et al. 2023; Xu, Xue, and
Picek 2021; Wang et al. 2024a; Yang et al. 2024; Xu and
Picek 2022; Yang, Li, and Li 2024; Feng et al. 2024; Luo
et al. 2025)). Early efforts introduced subgraph-based trig-
gers and achieved strong performance (Zhang et al. 2021;
Xi et al. 2021). Subsequent methods enhanced stealthi-
ness by leveraging in-distribution triggers to evade out-
lier detection (Dai et al. 2023; Zhang et al. 2024). How-
ever, their focus on supervised GNNs makes them unsuit-
able for backdoor attacks on GFMs during pre-training.
GCBA (Zhang et al. 2023) is the first backdoor attack target-
ing graph contrastive learning, but it requires knowledge of
downstream class labels, limiting its applicability to GFMs.
CrossBA (Lyu et al. 2024) introduces the first cross-domain
pre-training graph backdoor attack. Yet it cannot control the
predicted label, making the backdoor attack degenerate to a
form of adversarial evasion attack (Sun et al. 2022a; Kwon
and Kim 2025). Overall, prior methods either rely on down-
stream knowledge or lack control over the attack outcome,
limiting their effectiveness and stealthiness in the GFM set-
ting.

3 Threat Model

Attacker’s Goals: Consistent with prior work (Lyu et al.
2024; Zhang et al. 2023; Xi et al. 2021), we focus on the
node classification task. In the context of backdoor attacks
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against GFMs, attackers aim to inject a backdoor into the
pre-trained encoder ¢(-), resulting in a compromised model
#B(-). The goal is to induce any downstream classifiers f/(-)

built on adapted éB (+) to misclassify triggered graphs into a
specific label y*, while maintaining normal performance on
clean inputs. Formally, the attack objective is:

F5(G0) =y, f(65(G,0) = f(d(G,v), (D)

where G is a clean graph, G’ is the corresponding triggered
graph, and v denotes the target node.

Attacker’s Knowledge and Capabilities: Following
CrossBA (Lyu et al. 2024), attackers have full control over
the pre-training process but have no access to any down-
stream information. This setting is realistic, as founda-
tion model training is resource-intensive, and downstream
users often rely on open-source models or APIs to build
their applications. Thus, a malicious adversary can release
an open-source GFM, and downstream users who adopt it
may unknowingly inherit the embedded backdoor. During
the backdoor activation stage, the attacker can inject trig-
gers into target nodes and observe feedback signals. For ex-
ample, in paper ranking systems based on citation networks,
attackers can publish dummy papers that cite the target pa-
per. Public leaderboards then allow attackers to observe the
feedback on the impact. In e-commerce, fake user accounts
can manipulate and monitor recommendation outcomes.

4 GFM-BA

In this section, we elaborate GFM-BA, a novel model for
Backdoor Attacks against Graph Foundation Models, de-
signed to achieve effectiveness, stealthiness, and persis-
tence simultaneously. The overall architecture of GFM-BA
is shown in Figure 2, which consists of three components:

(1) Label-Free Trigger Association Module (Challenge 1:
Effectiveness). We apply Farthest Point Sampling to select
prototype embeddings from the node embedding space of
pre-training graphs generated by the pre-trained GNN en-
coder, which serve as targets for trigger association.

(2) Node-Adaptive Trigger Generator (Challenge 2:
Stealthiness). We design a trigger generator to dynamically
produce the personalized trigger for each target node. The
generated trigger is optimized to align the triggered target
node with the target embedding while maintaining graph ho-
mophily, ensuring both effectiveness and stealthiness.

(3) Persistent Backdoor Anchoring Module (Challenge 3:
Persistence). We enhance backdoor persistence under down-
stream adaptation by anchoring the trigger-target associa-
tion to fine-tuning-insensitive parameters of the pre-trained
model. Specifically, we apply graph mixup to simulate dis-
tribution shifts and identify fine-tuning-sensitive parameters.
Random perturbations are then applied to anchor the trigger-
target mapping to the identified stable regions of the model.

4.1 Label-Free Trigger Association Module

During pre-training, attackers lack access to the downstream
model architecture and its decision boundaries. As a result,
existing graph backdoor attacks that require the downstream
task labels are infeasible in the context of GFMs (Zhang
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et al. 2023, 2021; Dai et al. 2023). While methods such as
CrossBA (Lyu et al. 2024) avoid this limitation by pushing
the triggered graph away from clean graphs and toward a
learned trigger, they lack control over the resulting label,
causing the triggered graph to be classified into a fixed but
unknown class, failing to guide it to a specific target label.
To overcome this challenge, we propose associating trig-
gers with a set of prototype embeddings rather than with
specific labels. However, naively generating these proto-
type embeddings at random may result in all of them corre-
sponding to a fixed and undesired class, whereas our goal is
to construct prototype embeddings that span diverse down-
stream classes, enabling the attacker to steer the triggered
graph toward a desired label by selecting an appropriate
target embedding through several trial queries during the
trigger injection phase. Following the assumption in prior
work (Zhao et al. 2024; Yu et al. 2024, 2025) that pre-
training data contains knowledge relevant to downstream ap-
plications, sampling prototype embeddings from the node
embedding space of pre-training graphs can effectively re-
duce the search space. Specifically, we employ the Farthest
Point Sampling (FPS) (Eldar et al. 1997), which is a greedy
algorithm that iteratively selects the most distant point to
ensure that the sampled set preserves the overall structure
and distribution of the original data (Eldar et al. 1997; Lang,
Manor, and Avidan 2020). Here, we propose Proposition 1.

Proposition 1. When point density decays monotonically
from each class centroid, increasing the separation between
centroids raises the probability that FPS will cover more
classes in a fixed number of steps.

The detailed proof can be found in Appendix A. Based
on Proposition 1 and prior findings (Chen et al. 2020; Mor-
cos 2022) that self-supervised pre-training enhances class
separability, adopting FPS to select prototype embeddings
from the node embeddings of the pre-training graphs encour-
ages sampled embeddings to cover a broader range of down-
stream classes. Note that while “density decays monotoni-
cally from class centroid” is idealized and not strictly satis-
fied in practice, many real-world datasets exhibit this over-
all trend (Idrissi et al. 2015), making proposition 1 a useful
theoretical motivation for using FPS. Specifically, let £ de-
note the set of node embeddings extracted by the pre-trained
GNN from the pre-training graphs. The target embedding
set Eurger 1 then constructed by selecting £ prototype em-
beddings from £ using FPS, denoted as Eureer = FPS(E, k).

After associating triggers with Erger, in the downstream
trigger injection stage, attackers can select a target embed-
ding from Epeer based on the downstream application and
generate its corresponding trigger using the trigger generator
(see Section 4.2) to activate the desired backdoor behavior.

4.2 Node-Adaptive Trigger Generator

Graphs from different domains exhibit significant feature
distribution discrepancy (Shi et al. 2024a). Existing back-
door methods that use fixed, domain-agnostic triggers can
introduce feature inconsistencies between the injected trig-
ger node and its neighbors in the downstream graph, violat-
ing the graph homophily (Jin et al. 2020), thus making the
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Figure 2: The overall framework of GFM-BA. FPS is first applied to select prototype embeddings as trigger association targets.
The node-adaptive trigger generator then produces personalized triggers conditioned on the target embedding and the target
node, ensuring both stealthiness and effectiveness. Finally, graph mixup is used to identify fine-tuning-insensitive parameters,
allowing the backdoor to be anchored in the stable regions of the model and remain effective after the downstream adaptation.

injected trigger more detectable and easier to remove.

To avoid this problem, we replace the universal trigger
with a trigger generator that dynamically produces a person-
alized trigger conditioned on both the target node and the
selected target embedding. Specifically, we implement MLP
as the trigger generator. Consistent with prior work (Lyu
et al. 2024), we design the trigger as a fully connected 3-
node graph with identical features, which is much smaller
than both pre-training and downstream graphs. Let x; de-
note the feature of the target node and e; the target embed-
ding chosen from Eree. The feature of the injected trigger

node, denoted as xﬁrjl, is generated as follows:

tn (2)
where [- || -] denotes vector concatenation. We have two ob-
jectives for the trigger: (1) ensuring that the triggered graph
is associated with the target embedding to guarantee effec-
tiveness, and (2) maintaining feature similarity with the con-
nected target node to enhance stealthiness. Let G; denote a
clean graph from the pre-training dataset {G,, }7._;, and 1G;;
denote the 3-node trigger graph feature xtrl We optimize the
trigger generator with Leg and Lge:

Letr=—Eynfn], jm[k]in[|Go ) SIT <¢(In(gugij,i))7€j) , 3)
4)

= MLP ([x[|e;]) ,

Loe==Eurfn] jmliinllg. 150 (21, 735

where |G, | denotes the number of nodes in G, In(G,, Gij, i)

denotes inserting the trigger graph Qij into the clean graph
G, with the i-th node as the target node, ¢(-) is the frozen
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Figure 3: An analysis of the distribution of parameter update
magnitudes after downstream fine-tuning.

pre-trained GNN encoder, and sim(-, -) denotes the cosine
similarity. Here, L. promotes the association between the
embedding of the triggered graph and the target embedding,
while L. encourages the feature similarity between the trig-
ger node and the connected target node. Notably, the back-
door vulnerability is introduced without the need to modify
the parameters of the pre-trained GNN, but instead leverages
the inherent latent backdoor logic already present in the en-
coder, enabling the GFMs to preserve their performance on
clean graphs without any degradation.

4.3 Persistent Backdoor Anchoring Module

During the downstream model construction, downstream
users may fine-tune the pre-trained GNN, and such parame-
ter updates can invalidate the backdoor, known as backdoor
forgetting (Gu et al. 2023).

To mitigate this negative effect, we draw inspiration from



the backdoor attacks in NLP (Cheng et al. 2025) where
triggers are crafted using rare tokens to minimize the like-
lihood of related parameters being updated during down-
stream fine-tuning. Our key idea is to anchor the associ-
ation between the trigger and the target embedding to pa-
rameters of the pre-trained GNN that are insensitive to fine-
tuning in downstream applications. To investigate this pos-
sibility, we conducted a preliminary experiment in which
we measured the magnitude of parameter updates of a pre-
trained GCN (Kipf and Welling 2017) during downstream
fine-tuning, with the details can be found in Appendix C.
As shown in Figure 3, most parameters are insensitive (i.e.,
change slightly after fine-tuning), while only a few are sig-
nificantly updated. This motivates us to anchor the trig-
ger—target association to these insensitive parameters.

Proposition 2. Consider a GNN with parameters ©. Let X
be the node features, A be the adjacency matrix, and Z: be
the output. Assume the Jacobian matrix Jaoz, /99, (X) is rank-
deficient. For any direction A® ¢ |Jx ker Jyz,50, (X),
there exists an input X such that Z is first-order insensitive
to A®, where ker denotes the null space of the Jacobian
matrix, and | J denotes the union operator.

The proof is provided in Appendix A. Proposition 2 sug-
gests the possibility that the association between the trig-
ger and the target embedding can be anchored to insensitive
parameters of GNNs. To achieve this goal, we first apply
graph mixup (Ling et al. 2023) to explore potential down-
stream graph patterns. We then adopt the parameter impor-
tance estimation method from model pruning (Molchanov
etal. 2019), leveraging the pre-training loss on mixed graphs
to identify insensitive parameters. Finally, we introduce ran-
dom perturbations to the identified sensitive parameters dur-
ing the training process of the trigger generator, guiding the
generator to anchor the trigger-target link to the insensi-
tive parameters. Specifically, for each (G; ={X;, A;},G; =
{X}, A,}) in the pre-training dataset with n graphs, we syn-
thesize a mixed graph G™* = {X ™ A™X} a5 follows:

A™X = AA; + (1 - A)MA; M,
XM = 2\X; + (1 - A MX;.
where A is the hyperparameter, M is the alignment matrix
calculated as M = softmax(sim(R;, R;)), with R; and R;

denoting node representations of G; and G; computed via
two rounds of message-passing.
n(n—1)

We treat the mixed graph set {G™*}"""/ ™" as a proxy for
potential downstream patterns, based on the widely accepted
assumption that pre-training graphs encode knowledge rele-
vant to downstream applications (Mao et al. 2024; Shi et al.
2024a; Zhao et al. 2024). To estimate parameters sensitive to
fine-tuning, we adopt the importance-based sensitivity mea-
sure from model pruning (Molchanov et al. 2019). Given the
pre-training loss L. evaluated on the mixed graph set, the
sensitivity of parameter 0y, is defined as:

&)

1 2
Z(0y) = <gk9k - 29ka@> , (6)

where g, = 0L /00, and Hy, represents the k-th row of
the corresponding Hessian matrix. A larger value of Z(6y)
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implies that the parameter 6, is more sensitive. We then in-
troduce random perturbations to the top s% most sensitive
ones. For each selected sensitive parameter 6y, the perturba-
tion is applied as 0y, < 0, + €|0x|, where € is sampled from
a Gaussian distribution A (0, 02). We perform m perturba-

tions and obtain a set of perturbed parameters {© " m,of
the pre-trained GNN. These perturbed parameters will yield
a set of effective loss L as defined in Eq. (3), denoted as
{ L}, To mitigate the degradation of backdoor effec-
tiveness caused by sensitive parameters during downstream

adaptation, we introduce a persistence 10ss Lpe:
m

Lper = Var({‘cgff};nzl) + Mean({ﬁgff}j:1)~ (7

Minimizing L., enhances the persistence of trigger-target
association under downstream fine-tuning.
The overall pipeline of GFM-BA is in Appendix B.

5 Experiments
5.1 Experiments Settings

Datasets. We evaluate GFM-BA on five widely used node-
level classification datasets for GFMs. Cora (Yang, Co-
hen, and Salakhudinov 2016), CiteSeer (Yang, Cohen,
and Salakhudinov 2016), and PubMed (Yang, Cohen, and
Salakhudinov 2016) are citation networks where nodes cor-
respond to scientific publications and edges represent ci-
tation links. Computers (Shchur et al. 2018) and Pho-
tos (Shchur et al. 2018) are the Amazon co-purchase dataset,
where edges indicate frequent co-purchase relationships be-
tween products. For dataset splitting, we use the standard
PyG (Fey and Lenssen 2019) splits for Cora, CiteSeer, and
PubMed. Following (Yu et al. 2024), we designate the last
100 nodes as the test set for Computers and Photo, and ran-
domly sample m labeled nodes from the remaining nodes to
form the m-shot training set.

Victim GFMs. We evaluate the backdoor performance
of GFM-BA against three state-of-the-art GFMs designed
for multi-domain graph pre-training and adaptation: (1)
GCOPE (Zhao et al. 2024) employs virtual nodes to in-
terconnect graphs across domains, aligning the semantics
of graphs. (2) MDGPT(Yu et al. 2024) introduces dual
prompts to adapt to target domains while integrating unified
multi-domain knowledge with a tailored mixture of domain-
specific prompts. (3) SAMGPT (Yu et al. 2025) incorporates
structural tokens to unify multi-domain structural knowl-
edge and adapt it effectively to unseen domains.

Baselines. We adopt CrossBA (Lyu et al. 2024), the state-
of-the-art graph backdoor method against cross-domain
graph pre-training, as our primary baseline. Following (Lyu
et al. 2024), we also include two adapted variants of
GCBA (Zhang et al. 2023): GCBA_R, which randomly se-
lects a cluster center as the target embedding, and GCBA_M,
which selects the most isolated cluster center.

Implement Details. Following prior works (Zhao et al.
2024; Yu et al. 2024, 2025), GFMs are trained across all
datasets except the one held out for testing. All experiments
are conducted in a 5-shot node classification setting. A grid
search over « and 3 is performed in the range [le=2, 1€°] us-
ing a logarithmic step size of 5. Each experiment is repeated



Dataset | Cora CiteSeer | PubMed | Photo Computers
Victi Threat ASR ASR ASR ASR ASR ASR ASR ASR ASR ASR
ictim reaten | scen.l)  (Scen.2) | (Scen.)  (Scen.2) | (Scen.l) (Scen.2) | (Scen.l) (Scen.2) | (Scen.)  (Scen.2)
GCBAR | 267858  3.83:u12 29.64s61  4.94u45 | 621008  20.70:2 | 26.80ss70  3.35:000 | 35.40m005  3.54410
GCBAM | 33.42us8  4.77wn 35.87s650  5.98u0s | 64.94u51s  21.65s506 | 27.80:026  3.48:106 | 46.20s23  4.624123
GCOPE CrossBA 100.00:0.00 14.29:000 100.00-:0.00 16.67:000 100.00:0.00 33.33:000 74.00:13.44 9.254168 79.80:7.26 7.98:073
G FM - BA 100.00:&0() 90.40&121(! 100.00tlh(l(l 89.06&&()2 100.00i0.00 100-00i0.00 93.20:7405 84.53:1479 94.40&17(! 78.54&718
GCBAR | 61.66:s5 8.81u26 | 51.60:357  8.60:22 | 89.02:1830  29.67:613 | 52.00:05  6.50s124 | 66.60:666 ~ 6.66:067
GCBAM | 61.44.54  8.78u0 | 64.42.500  10.74uss | 94.82u6  31.61u55 | 574055 7182120 | 68.00:1283  6.80s12s
SAMGPT | CrossBA | 95.24ss  13.61us | 100.00:00  16.67:0m | 100.00:000  33.33:000 | 96.80uss  12.10w5 | 92.00m5  9.20m
GFM-BA | 100.00:000 100.00:000 | 100.00:000 100.00:000 | 100.00:000 100.00:000 | 100.00:000 99.80:023 | 100.00:000 100.00:0.00
GCBAR - - - - - - - - - -
GCBA M - - - - - - - - - -
MDGPT CrossBA 95.144526 13.59:05 92.36:1587 15.39.265 100.00:0.00 33.33:000 82.60:19:56 10.32:048 82.00:1021 8.20:1.0
GFM-BA | 100.00:000 96.61:617 | 100.00:000 99.43.005 | 100.00:000 100.00:000 | 98.40:230 97.68:257 | 99.20:130  93.19:366

Table 1: The results of attack effectiveness. Scen. [ refers to target-uncontrolled attack, and Scen.2 refers to target-controlled
attack. ““-” indicates that the method is not applicable to perform the backdoor attack (GCBA (Zhang et al. 2023) is tailored for
the graph contrastive learning method). The best results are shown in bold and the runner-ups are underlined.

Dataset | Cora CiteSeer | PubMed | Photo Computers
Victi Threat ACC ASR ACC ASR ACC ASR ACC ASR ACC ASR
1ctim reaten (Clean) (Purified) | (Clean) (Purified) | (Clean) (Purified) | (Clean) (Purified) | (Clean) (Purified)

GCBAR | 59.18s05  20.87:057 | 56.30:286 27.28:1285 | 55.00:030 42.1841359 | 57.00s324  26.60s056 | 44.60:371  35.00:2004
GCBAM | 59.78:20 2327180 | 56.12:215  22.62:651 | 51.10s570  48. 7112234 | 58.80s733  26.80s890 | 47.20s726  43.20s1355
GCOPE | CrossBA | 60.52:6 52.04ms | 59.06us 57.58mm0 | 51.36s5  90.6525 | 65.60ms 672005 | 50.40us 48.80usss
GFM-BA | 61.46:25 100.00:000 | 60.10:572  100.00:000 | 54.44:003  100.00:000 | 65.80:097  100.00:000 | 54.80:7.56  100.00:0.00
GCBAR | 60.36:150 38.24u624 | 44.10s447  43.92:1022 | 58.92:435  77.80s721 | 79.20m3  17.80s11 | 69.00:600  26.20:4.15
GCBAM | 619456 29.32:545 | 48. 76100 48.38:1230 | 63.02:260 86.26:005 | 76.20s567 1820311 | 71.20:259  23.20m5
SAMGPT CrossBA 62.82435 70.28:112 59.04 236 75.90:195 65.64440 74.08:1075 80.40:4.34 67.80:239 67.20:7.12 50.60:695
GFM-BA | 63.54:375  88.28:05 | 61.72:361  86.04:156 | 65.92:565  93.62:220 | 80.60:355  86.00:212 | 69.20:000  84.60:2.10
GCBAR - - - - - - - - - -
GCBA_M - - - - - - - - - -
MDGPT | CrossBA | 42360 47768 | 37.825m  61.12:06 | 50.20:65  69.10:081 | 68.2000  35.40s57 | 5020610  37.00:500
GFM-BA | 60.88:s 81.30:360 | 60.58:252 85.78:296 | 62.48:4711  92.36:197 | 79.20:614  89.60:568 | 71.80:3.40 85.20:452

Table 2: Results of attack stealthiness. ACC reports the accuracy of the backdoored model on clean, non-triggered input graphs.
Purified refers to applying edge-based purification to the triggered graphs under Scenario 1.

5 times on a single NVIDIA V100 GPU. Full hyperparame-
ter configurations and more details are in Appendix C.

Evaluation Metrics. Following (Lyu et al. 2024), we
adopt two evaluation metrics: (1) Attack Success Rate
(ASR) measures the proportion of triggered samples mis-
classified into the target class. (2) Accuracy (ACC) measures
performance on clean test data.

5.2 Attack Effectiveness Evaluation

To evaluate the effectiveness of GFM-BA, we consider two
attack scenarios based on whether the attacker can specify
the target label. Scenario 1: Target-Uncontrolled Attack:
The model is expected to misclassify triggered samples con-
sistently into an arbitrary but fixed target class. Scenario 2:
Target-Controlled Attack. The model is expected to mis-
classify triggered samples into the attacker-specified target
class, aligned with the attacker’s intent.

As shown in Table 1, GFM-BA consistently achieves the
highest ASR across all datasets in both attack scenarios,

demonstrating its strong attack capability. In Scenario 2,
the improvements are particularly notable, with gains rang-
ing from 66.67% to 90.80% over the baselines across five
datasets. This is because baseline methods associate the trig-
ger with an unknown fixed target label and cannot align
it with the attacker-specified label. Consequently, they de-
generate into targeted adversarial evasion attacks (Sun et al.
2022a; Kwon and Kim 2025) and fail to satisfy the require-
ments of a targeted backdoor attack in Scenario 2.

5.3 Attack Stealthiness Evaluation

To ensure the practical utility of backdoor attacks, stealthi-
ness is a critical requirement that involves two key aspects:
(1) the backdoored model should maintain normal behavior
on clean input graphs; and (2) the inserted trigger should be
inconspicuous and resistant to detection. To assess the first
aspect, we measure the ACC of the backdoored GFMs on the
clean test set. To assess the second aspect, we apply a simple
purification strategy that removes edges between node pairs
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Computers
ASR

28.80+3.96 16.60
40.60+1045 ]5.60
91.40+1050 10.60
98.60:1.95 |1.40

Dataset \
Victim | Threaten |

GCBAR
GCBA M
CrossBA
GFM-BA

GCBA_R
GCBA M
CrossBA
GFM-BA

Cora \ Photo \
ASR ASR

52.22+1568 |9.44 |38.80+14.99 |13.20
54.58+9.34 [6.86 |44.4021.11 [13.00
90.50+13.68 |4.74|87.40x1264 19.40
98.66+1.85 |1.34| 96.00:2.55 [4.00

Drop | Drop | Drop

SAMGPT

MDGPT 79.60+16.95 |2.40

98.40:2.19 10.80

14.60
10.60

93.78+8.05 |1.36|78.00+13.38
99.32:1.31  [0.68 | 97.80+1.64

Table 3: Results of attack persistence under Scenario 1. Drop
indicates the decrease in ASR compared to the setting with-
out fine-tuning the pre-trained encoder.

with feature cosine similarity below 0.1 and report the ASR
of the purified triggered graphs under Scenario 1.

As shown in Table 2, GFM-BA maintains high clean ac-
curacy for its ability to leverage latent backdoor logic in the
pre-trained GNN without the need to modify model param-
eters. Moreover, GFM-BA consistently achieves the highest
ASR across all target GFMs and datasets after graph purifi-
cation, outperforming baselines by an average of 36.81%,
19.98%, and 36.73% on GCOPE, MDGPT, and SAMGPT,
respectively, demonstrating its strong stealthiness.

5.4 Attack Persistence Evaluation

The effectiveness of a backdoor attack typically depends
on the parameters of the pre-trained model. However, in
practical scenarios, downstream users may fine-tune the
pre-trained GNN encoder, which can break the associa-
tion between the trigger and the target embedding. To
evaluate the persistence of GFM-BA, we conduct exper-
iments on the Cora, Photo, and Computers datasets, tar-
geting SAMGPT and MDGPT as victim models. The pre-
trained GNN encoder is fine-tuned using a learning rate of
0.001, and we report the ASR under Scenario 1 described
in Section 5.2, keeping all other experimental settings un-
changed. As shown in Table 2, baseline methods exhibit a
performance drop after fine-tuning the pre-trained encoder,
whereas GFM-BA maintains a high ASR. This suggests that
the backdoor logic of our GFM-BA is deeply embedded and
resistant to forgetting during downstream adaptation.

5.5 Ablation Study

To evaluate the contribution of our designed label-free trig-
ger association module, node-adaptive trigger generator, and
persistent trigger anchoring module in GFM-BA, we con-
duct ablation studies using three variants: (1) GFM-BA(w/o
E): We randomly set a target embedding under the target-
controlled scenario to assess the impact of removing the
label-free trigger association module. (2) GFM-BA(w/o S):
A static trigger is used for all nodes under the graph purifi-
cation defense in the target-uncontrolled scenario to evalu-
ate the role of the node-adaptive trigger generator. (3) GFM-
BA(w/o P): The persistence loss is removed, and the pre-
trained encoder is fine-tuned to examine persistence in the
absence of the persistent trigger anchoring module. Results
on the Photo and Computers datasets with SAMGPT serv-
ing as the victim GFM are shown in Figure 4, while other
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Figure 4: Results of ablation studies on Photo and Comput-
ers. GFM-BA(w/o E) is evaluated in the target-controlled
scenario to assess effectiveness without the label-free trig-
ger association module. GFM-BA(w/o S) is tested in the
target-uncontrolled scenario with graph purification to as-
sess stealthiness. GFM-BA(w/o P) is tested in the target-
uncontrolled scenario with a fine-tuned backbone to assess
the backdoor persistence.
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Figure 5: Hyperparameter study on the Photo dataset.

datasets and victim models show similar patterns. As ob-
served, the three components contribute to the effectiveness,
stealthiness, and persistence of attacks, respectively.

5.6 Hyperparameter Study

In this section, we analyze the sensitivity of GFM-BA to hy-
perparameters « and S. For o, we examine its impact on
the ASR of both the original triggered graphs and the pu-
rified triggered graphs, reflecting the trade-off between at-
tack effectiveness and stealthiness. For §, we evaluate the
ASR after fine-tuning the pre-trained encoder as well as un-
der purification, assessing its influence on the persistence
of the backdoor. Results on the Photo dataset under the
target-uncontrolled scenario with SAMGPT as the victim
are shown in Figure 5.

6 Conclusion

We propose GFM-BA, a novel backdoor attack model
against Graph Foundation Models during the pre-training
stage. To perform effective backdoor when downstream
tasks are unknown during pre-training, we introduce a label-
free trigger association module that associates the trigger
with a set of prototype embeddings selected via FPS. To en-
hance stealthiness, we design a node-adaptive trigger gener-
ator that produces trigger features close to the target node.
For persistence, we anchor the trigger to parameters that are
less sensitive to fine-tuning.
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