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Abstract
In the burgeoning domain of machine learning, the reliance
on third-party services for model training and the adoption of
pre-trained models have surged. However, this reliance intro-
duces vulnerabilities to model hijacking attacks, where adver-
saries manipulate models to perform unintended tasks, lead-
ing to significant security and ethical concerns, like turning
an ordinary image classifier into a tool for detecting faces in
pornographic content, all without the model owner’s knowl-
edge. This paper introduces Category-Agnostic Model Hi-
jacking (CAMH), a novel model hijacking attack method ca-
pable of addressing the challenges of class number mismatch,
data distribution divergence, and performance balance be-
tween the original and hijacking tasks. CAMH incorporates
synchronized training layers, random noise optimization, and
a dual-loop optimization approach to ensure minimal impact
on the original task’s performance while effectively execut-
ing the hijacking task. We evaluate CAMH across multiple
benchmark datasets and network architectures, demonstrating
its potent attack effectiveness while ensuring minimal degra-
dation in the performance of the original task.

1 Introduction
In today’s digital era, machine learning (ML) models have
become essential tools in critical fields such as finance,
healthcare, and autonomous driving (Li et al. 2019; Zhang
et al. 2020; Liu et al. 2020a). Training machine learning
models is expensive, as it requires costly computational re-
sources and precise hyperparameter tuning by domain ex-
perts (Strubell, Ganesh, and McCallum 2020). To reduce
these costs, organizations are increasingly turning to third-
party services like Google AutoML (Google 2017), Amazon
SageMaker (Amazon 2017), or Microsoft Azure ML (Mi-
crosoft 2014) for neural network training or downloading
pre-trained models from repositories such as Hugging Face
(Clement et al. 2016) or Model Zoo, especially those trained
on popular datasets (Jing 2021).

However, this practice exposes models to real-world se-
curity risks, particularly model hijacking attacks. Model hi-
jacking attacks enable adversaries to take control of a tar-
get model and compel it to perform completely different
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tasks than its original one. Successfully executing a model
hijacking attack can lead to two principal risks: accountabil-
ity risk and parasitic computing risk (Salem, Backes, and
Zhang 2022).

The accountability risk means that attackers could use the
model to conduct illegal or unethical tasks, such as turn-
ing an ordinary image classifier into a tool for identify-
ing faces in pornographic content, all without the model
owner’s knowledge. This could lead to the model owner be-
ing wrongly accused of providing illegal services despite not
being directly involved. Additionally, the owners of hijacked
models face the risk of parasitic computing, where attack-
ers exploit the hijacked model to run their own applications
without incurring the costs of operating, and maintaining the
models themselves, which can be prohibitively expensive in
some regions (see detailed scenarios in Section 3.1).

Salem et al. (Salem, Backes, and Zhang 2022) first intro-
duced the concept of model hijacking attacks. They demon-
strated during training how a target model could be redi-
rected, such as transforming an image classifier into a facial
recognition tool. These attacks degrade model performance
and expose model owners to legal and ethical risks. Si et al.
(Si et al. 2023) further expanded this research domain by
introducing new attack strategies applicable to complex sce-
narios beyond image classification, including data manipula-
tion and task transfer. The hijacking attacks are an emerging
threat to model security, and the only two current methods
primarily focus on modifying poisoning operations within
the training dataset, which means that the model’s output re-
mains constrained to the number of categories defined by the
original task. Consequently, these methods impose signifi-
cant restrictions on the flexibility of hijacking tasks, such as
requiring the number of categories in the hijacking task not
to exceed those in the original task and ensuring that the data
distribution of the original task does not differ significantly.
If these conditions are not met, it becomes impossible to bal-
ance the hijacking task and the original task’s performance,
resulting in loss of concealment or hijacking failure.

We hope that model hijacking attacks will no longer be
limited by previous methods. In the implementation process,
we summarize three major challenges:

• C1: How do we solve the limitation that the number of
hijacking task categories cannot exceed the number of
original task categories?
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• C2: How to ensure the effectiveness of model hijacking
attacks given different data distributions?

• C3: How do we balance the performance of the original
task with the execution of the hijacking task?

To address these challenges, we propose a novel model hi-
jacking attack method—CAMH. We’ve integrated synchro-
nized training layers to handle different class numbers in
model training. We’ve also optimized noise to adjust for data
distribution variations. Finally, we use a dual-loop approach
to keep the original task’s performance stable. To assess the
effectiveness of the CAMH method comprehensively, we
have established two evaluation metrics: Camouflage Ratio
(CR) and Exploitability Ratio (ER). The Camouflage Ratio
gauges the performance discrepancy between the hijacked
model and the benign model on the original task, whereas
the Exploitability Ratio measures the performance gap be-
tween the hijacked model and the benign model on the hi-
jacking task. We evaluate the effectiveness of CAMH on
multiple benchmark tasks (including MNIST, SVHN, GT-
SRB, CIFAR10, and CIFAR100) across various network ar-
chitectures (including ResNet18 and ResNet34). The exper-
imental results demonstrate that CAMH successfully exe-
cutes hijacking tasks, with the ER values exceeding 85% for
most datasets and the CR maintained at approximately 98%
for all datasets.

The main contributions of this paper include:

• We propose a novel model hijacking attack method,
CAMH, which, for the first time, overcomes the limita-
tion that the number of categories in the hijacked dataset
cannot exceed those in the original dataset.

• We proposed synchronized training layers, random noise
optimization, and a dual-loop optimization approach to
address challenges such as class number mismatch, data
distribution divergence, and balancing performance be-
tween the original and hijacked tasks.

• We validated CAMH’s effectiveness through experi-
ments on various benchmark datasets and network ar-
chitectures. Even when the hijacking dataset’s categories
were four times greater or the hijacking data volume
was as low as 30%, the ER exceeded 85%, confirming
CAMH’s robustness.

2 Related Work
In this section, we review some of the related works. We
divide the related works into backdoor attacks in machine
learning and model hijacking attacks. Backdoor attacks can
be seen as a specific instance of model hijacking attacks. The
research into backdoor attacks helps us to deeply compre-
hend the intrinsic mechanisms of model manipulation and
provides a basis for mastering more widespread strategies
for model hijacking. We start with the backdoor attacks, fol-
lowed by model hijacking attacks.

2.1 Backdoor Attacks in Machine Learning
Backdoor attacks pose a significant security threat in the
field of machine learning, where the adversary manipulates
the target model’s training to backdoor it (Li et al. 2022).

The backdooring behavior is usually assigned with a trigger,
which is when inserted in any input sample, the target model
predicts a specified label. Gu et al. (Gu, Dolan-Gavitt, and
Garg 2017) introduced BadNets, the first backdoor attack
against machine learning. BadNets uses a white square at
the corner of the images as a trigger to misclassify the back-
doored inputs to a specific label. Salem et al. (Salem et al.
2022) later proposed a dynamic backdoor, where instead of
using a fixed trigger, they used a dynamic one. Another sim-
ilar attack is the Trojan attack (Liu et al. 2017; Cheng et al.
2021). This attack simplifies the assumptions of the back-
door attack by not assuming the knowledge of any sample
from the distribution of the target model’s training dataset.
There also exist multiple backdoor attacks against Natural
Language Processing (NLP) models (Chen et al. 2021), fed-
erated learning (Wang et al. 2020), video recognition (Zhao
et al. 2020), transfer Learning (Yao et al. 2019), diffusion
model (Ho, Jain, and Abbeel 2020), Chatgpt (Shi et al. 2023)
and others (Saha, Subramanya, and Pirsiavash 2020; Rakin,
He, and Fan 2020; Liu et al. 2020b; Li et al. 2021; Hayase
and Oh 2022).

The backdoor attack can be considered a specific instance
of the model hijacking attack by classifying the backdoored
samples as the hijacking dataset. However, our model hi-
jacking attack is more general, i.e., it poisons the model to
implement a completely different task.

2.2 Model Hijacking Attack
Model hijacking attacks, in which attackers attempt to ma-
nipulate a target model to perform unintended tasks, are an
emerging attack that can lead to serious security and liabil-
ity issues. Salem et al. (Salem, Backes, and Zhang 2022)
introduced the concept of model hijacking attacks within
the realm of computer vision tasks. Their work is similar to
SSBA (Li et al. 2021) have proposed techniques to enhance
the stealthiness of backdoor attacks, thereby reducing the
effectiveness of backdoor detection mechanisms. Expand-
ing the scope of model hijacking attacks, Si et al. (Si et al.
2023) introduced a novel attack named Ditto, which extends
this threat to text generation and classification models.

While both Salem et al. and Si et al. have significantly ad-
vanced the understanding of model hijacking attacks, their
work exhibits several limitations. First, the effectiveness of
these attacks is highly contingent upon the adversary’s ca-
pability to generate stealthy modifications to the training
data, which may be detectable by robust data monitoring and
anomaly detection systems. Second, their approaches im-
pose relatively stringent constraints on the hijacking dataset.
For instance, the number of categories in the hijacking
dataset must not exceed that of the original dataset. Third,
they do not address emerging scenarios such as outsourcing
and model marketplaces.

In our study, we introduce CAMH, a novel model hi-
jacking attack designed for new scenarios. CAMH demon-
strates exceptional attack performance even under con-
straints of multi-class hijacking and significant data discrep-
ancies while avoiding the need for deceptive modifications
to the training dataset.
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Figure 1: CAMH attacks explored in this paper.

3 CAMH
In this section, we present various techniques for model hi-
jacking attacks. We first introduce the threat model and two
attack scenarios. Then, we propose three specific CAMH
techniques: Multi-Class Hijacking Task Design, Noise Op-
timization Technique, and Dual-loop Optimization.

3.1 Threat Model and Attack Scenario
Threat Model. Model hijacking attacks can be widely ap-
plicable to any real-world scenario where model owners
can independently train models, such as outsourcing, model
marketplaces, federated learning (Bonawitz et al. 2019), etc.
In the attack scenario proposed in this study, adversaries
have complete control over the model training process, and
obtain the logits output by the model. We assume adversaries
possess a hijacked dataset, which they use to covertly embed
the model with hijacking tasks. Whether through outsourced
model training or adversaries independently deploying ma-
licious models in the model marketplace, adversaries can ac-
cess the training dataset, with the distinction being that the
former is provided by the victim company and the latter is
owned by the adversaries themselves. Additionally, attack-
ers do not need to create disguised datasets as in previous
work, nor do hijacked datasets need to resemble the visual
features of the original dataset.

As shown in Figure 1, we show two attack scenarios,
namely outsourcing and model market, which we will ex-
plain in detail below.

Model Hijacking in Outsourcing Scenarios. In the cur-
rent field of machine learning, model companies often out-
source model training tasks to external entities (Li et al.
2020), which may possess unique data resources or com-
putational capabilities. While this collaborative model can
bring technical advantages and cost-effectiveness, it also in-
troduces potential security risks. The attack scenario dis-

cussed in this paper involves the outsourcing training pro-
cess, where if the training party is malicious, they can lever-
age our model hijacking attack method to clandestinely im-
plant an additional hijacking task in the model while com-
pleting the tasks assigned by the model company.

Specifically, the malicious training party would cleverly
incorporate their own hijacking data alongside the data pro-
vided by the model company during the training process.
These hijacking data are carefully crafted to have a neg-
ligible impact on the model’s performance for its original
task, yet they are sufficient for the model to learn to exe-
cute a completely different hijacking task. Once the model
has been trained and is publicly released by the model com-
pany via APIs (Tramèr et al. 2016), attackers can execute
the hijacking task within the model through these API calls,
leading it to perform actions that are illegal or unethical.

For example, attackers could hijack an image classifica-
tion model to perform sensitive tasks such as facial recog-
nition or sentiment analysis when receiving specific inputs,
tasks that are illegal without explicit authorization. This not
only leads to wastage of computational resources and main-
tenance costs for the model company but also exposes them
to legal liability and reputational damage due to the model’s
inappropriate behavior.

Covert Hijacking in Model Marketplaces. In the field
of machine learning, model marketplaces such as Hugging
Face (Clement et al. 2016) or the Model Scope (Alibaba
2022) have become crucial channels for sharing and dis-
tributing pre-trained models. These platforms offer users
abundant resources, enabling them to rapidly deploy state-
of-the-art machine learning models without needing to train
from scratch. However, this convenience also brings new se-
curity risks (Yuan et al. 2022; Feng and Tramèr 2024).

In our envisioned attack scenario, attackers exploit these
model marketplaces as distribution channels to propagate
models with covert hijacking tasks. Attackers first train a
model through standard procedures to perform a seemingly
useful original task (e.g., image classification or language
translation) while training with the hijacking dataset, the hi-
jacking task is stealthily incorporated. Subsequently, attack-
ers package this model with the covert hijacking task as one
solely possessing original task functionality and upload it to
model marketplaces for distribution.

During promotion, attackers deliberately conceal the hi-
jacking nature of the model, emphasizing only its perfor-
mance and advantages in the original task. Once other users
or companies download and deploy this model, especially
when they provide it with API access, attackers can utilize
this API to remotely activate and execute the hidden hijack-
ing task embedded within the model. This covert hijack-
ing task could involve illegal or unethical activities, such as
unauthorized data collection, sensitive information classifi-
cation, or other malicious behaviors.

This form of attack not only poses risks to the model’s
end-users but also has the potential to severely damage the
reputation and trustworthiness of model marketplaces. Users
may face legal liabilities and ethical reproach for employing
seemingly legitimate but actually hijacked models.
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3.2 Design of CAMH
As highlighted in Section 1, the realm of model hijack-
ing confronts three principal challenges, which can be suc-
cinctly encapsulated as the mismatch in class numbers, di-
vergence in data distributions, and the delicate balance of
performance. In direct response to these intricacies, we have
engineered a novel assault strategy aimed at accomplishing
model hijacking. This section delineates the intricate design
considerations that underpin our approach.

Multi-Class Hijacking Task Design. To address the limi-
tation that the number of hijacking task categories cannot ex-
ceed the number of original task categories (C1), our CAMH
approach includes an innovative Multi-Class Hijacking Task
Design. This design introduces a Synchronized Optimiza-
tion Layer (SOL) within the model architecture. Positioned
after the output classification layer, the SOL is a fully con-
nected layer that adeptly transforms the output logits from
the original classification task into a space that aligns with
the hijacking task’s output dimensions. By leveraging this
layer, our method gracefully navigates the complexities aris-
ing from an imbalanced number of classes, enabling the
seamless integration of a hijacking task into the model’s
learning process. This layer is specifically designed to man-
age the data mapping for the hijacking task while leaving the
data for the original task unaffected by its processing. This
strategic design ensures that the performance of the original
task remains stable and uncompromised.

Specifically, the mathematical expression of the SOL can
be described as follows:

fθ(x) : x ∈ RB×C×H×W−→y ∈ RB×C1

hθ̂(y) : y ∈ RB×C1−→z ∈ RB×C2
(1)

Here, C1 and C2 represent the class cardinalities of the
original and hijacking datasets, respectively. The mapping
function fθ represents the model’s internal mechanism for
processing the input data x, which are the input features
or images the model receives, whereas h delineates the in-
termediate mapping within a layer. The term B signifies
the batch size, with C, H , and W representing the channel
count, height, and width of the image matrix, respectively.
The output y is the model’s prediction for the original task,
providing a set of class probabilities or scores based on x.
Finally, z corresponds to the model’s output for the hijack-
ing task after being processed by the SOL.

We define the parameters of the SOL as θ̂, and δ repre-
sents noise that we will add to the hijacking sample to align
its data distribution as closely as possible with the original
sample, which we will introduce in detail next. Therefore,
fθ and hθ̂ represent the model and layer. To this end, our
objective can be formalized as:

θ̂ = argmin
θ̂

[L(DH ⊕ δ,F)] (2)

where F = hθ̂ ◦ fθ, DH ⊕ δ = {xi + δ|∀xi ∈ DH}, L and
DH denoting the loss function and hijacking datasets.

The model hijacking process leverages the SOL, a com-
ponent intentionally excluded from the public release to

(a) (b) (c) (d)

Figure 2: Optimized Noise Visualization. The figure illus-
trates the process of model hijacking where the original task
of the model is based on the MNIST dataset, and the model
is utilized for a hijacking task using the SVHN dataset. (a)
an image from MNIST. (b) an image from SVHN. (c) the op-
timized noise. (d) an image from SVHN with added noise.

maintain the model’s legitimate functionality. Under nor-
mal circumstances, the model outputs C1 in response to user
queries. However, an adversary equipped with the SOL and
knowledge of the model’s logits can repurpose the model for
a hijacking task.

Noise Optimization Technique. To address C2, which is
to ensure the effectiveness of model hijacking attacks under
different data distributions, we propose a noise optimization
technique, which meticulously calibrates the perturbations
introduced into the training dataset. The primary goal of this
technique is to adjust the data distribution of the hijacking
dataset to be more aligned with that of the original dataset,
thereby enhancing the model’s ability to generalize and per-
form well on both datasets. This technique is undergirded
by an optimization algorithm that seeks to identify the op-
timal noise pattern δ∗ that minimally perturbs the model’s
performance on the original task while instilling the capac-
ity to execute the hijacking task. The optimization process
of noise must ensure the performance of both the original
task and the hijacking task. Thus, we have:

δ∗ = argmin
δ

[L(DM , fθ) + L(DH ⊕ δ,F)] (3)

where DM denotes the original dataset. The formulation
encapsulates the dual objectives of preserving the original
task’s fidelity and instilling the hijacking task’s functional-
ity.

To further elucidate the process of model hijacking, we
present in Figure 2 a visual representation of the optimized
noise that enables the model to perform the hijacking task
effectively.

In the preceding sections and as evidenced by Figure 2d,
there is no imperative to extensively obfuscate the physical
appearance of the hijacking dataset. This is attributable to
the fact that the dataset remains under the adversary’s con-
trol throughout its lifecycle, thereby rendering unnecessary
any attempts to deceive the victim within the physical realm.
In the inference phase, the adversary only needs to add the
optimized custom noise to the input image when performing
the hijacking task.

Dual-loop Optimization. Our proposed solution is dual-
loop optimization to tackle C3, balancing the performance
between the original task and the hijacking task. Algorithm
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1 in the Appendix shows the dual-loop optimization Train-
ing. Within the CAMH framework, this approach works by
refining the model’s parameters in a synergistic manner, si-
multaneously enhancing performance for both the original
task and the hijacking task. The outer loop focuses on opti-
mizing the original task model parameters θ, while the inner
loop fine-tunes the parameters θ̂ for the Synchronized Op-
timization Layer and the original task model parameters θ,
incorporating the optimized noise δ∗. This dual-loop mech-
anism ensures that the model excels in its original function
while effectively learning the hijacking task, all with mini-
mal additional computational demand.

4 Experiment
In this section, we present our experimental results. We start
by introducing our datasets and evaluation settings. Next, we
evaluate our CAMH attacks. Finally, we study the impact of
some of the hyperparameters in our model hijacking attack.

4.1 Datasets Description
We mainly use MNIST (LeCun 1998), SVHN (Netzer
et al. 2011), GTSRB (Stallkamp et al. 2011), CIFAR10
(Krizhevsky, Hinton et al. 2009) and CIFARm datasets for
experiments. The specific descriptions of MNIST, SVHN,
GTSRB, and CIFAR10 are shown in the Appendix. CI-
FARm is a dataset we defined ourselves. CIFARm denotes
the datasets derived from CIFAR100 (Krizhevsky, Hinton
et al. 2009). These datasets are formed by randomly select-
ing m out of the 100 classes available in CIFAR100. The
CIFAR100 dataset comprises 100 distinct classes, each class
encompassing precisely 600 color images of 32×32 pixel
resolution, amounting to a grand total of 60,000 images. By
randomly choosing m classes from these 100, we created
the CIFARm datasets where m can vary (e.g., 20, 40, 60,
80), simulating tasks of different classification scales. Each
CIFARm dataset retains the original image dimensions and
color channels of CIFAR100 while reducing the number of
classes. This reduction in class count implies less informa-
tion for models to handle during training and inference. This
design allows us to control model complexity and training
difficulty while assessing the model’s sensitivity to adver-
sarial attacks across varying class sizes.

4.2 Model Structure and Training Parameters
To validate the generality and effectiveness of our CAMH
method, we conducted experiments using the ResNet18 and
ResNet34 (He et al. 2016) models, both of which are orig-
inal models from Torchvision. For ResNet18, we employed
150 training epochs using the SGD optimizer with an initial
learning rate of 0.1 and a batch size of 64. Considering the
increased complexity and susceptibility to overfitting of the
ResNet34 model, we introduced a dropout rate of 0.4 during
training and extended the training epochs to 200, other set-
tings remain the same as ResNet18. This configuration en-
sures the model achieves high accuracy on the original task
while providing a stable foundation for subsequent hijacking
attack experiments.

4.3 Evaluation Metrics
To evaluate the performance of our CAMH attack, we used
two metrics, namely the Camouflage Ratio and the Ex-
ploitability Ratio.

Camouflage Ratio (CR): The Camouflage Ratio mea-
sures the performance of the hijacked model on the original
task dataset DM . It is defined as the ratio of the accuracy
of the model on DM after hijacking to the accuracy of the
original model on the same DM :

CR =
ACCh2o

ACCo2o
(4)

Here, ACCh2o is the accuracy of the hijacked model on the
original task dataset, and ACCo2o is the accuracy of the be-
nign model only trained on the original dataset.

The CR reflects how closely the performance of the hi-
jacked model approaches that of the clean model on a spe-
cific original task dataset. As the CR approaches 1, it sig-
nifies that hijacked models possess stronger camouflage ca-
pabilities, thereby increasing the likelihood of successfully
evading detection.

Exploitability Ratio (ER) : The Exploitability Ratio
measures the performance of the hijacked model on the hi-
jacking dataset DH . It is defined as the ratio of the accuracy
of the hijacked model on DH to the accuracy of the benign
model on the corresponding DM :

ER =
ACCh2h

ACCo2h
(5)

Here, ACCh2h is the accuracy of the hijacked model on the
hijacking task dataset, and ACCo2h is the accuracy of the
benign model is only trained on hijacked dataset.

The ER evaluates how well the hijacked model maintains
its performance when transferred to different datasets. A
higher ER indicates greater efficiency in utilization when the
hijacker employs the model.

These two metrics collectively form the framework for
evaluating the model’s performance, enabling a comprehen-
sive understanding of its performance and stability across
different environments. In subsequent sections, we will
present experimental results based on these metrics and con-
duct in-depth analyses of the model’s performance.

4.4 The Performance of CAMH
In Figure 3, we present the results demonstrating the CR and
ER of various datasets after undergoing CAMH attacks. It
is noteworthy that all datasets maintain a CR above around
98%, indicating that even after model hijacking, their per-
formance on the original tasks remains at a high level. This
high CR value increases the likelihood that victims will se-
lect our adversarial models from numerous models in the
marketplace or that our models will pass the accuracy accep-
tance criteria of the first party more easily. In some cases, the
CR exceeds 100%. This occurs because the inclusion of the
hijacked dataset enhances the model’s generalization ability
on the original task, especially when the data distributions
of the two datasets are not significantly different.

Simultaneously, ER values indicate the efficiency of the
models in performing hijacking tasks, with most datasets
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Figure 3: The results of our CAMH Attack. The original datasets are denoted on the x-axis, taking Figure 3 (a) as an example,
when the original task is GTSRB and the hijacking task is SVHN, the model’s CR is 99.49%, and ER is 94.21%. When the
datasets are exchanged, the CR is 98.62%, and the ER is 85%. (a)-(d) is for ResNet18, (e)-(h) is for ResNet34.

achieving an ER of over 85%. However, in cases where
the original dataset is MNIST and the hijacking dataset is
GTSRB, or where the original task is CIFAR100, and the
hijacking task is CIFAR10, ER values show poorer perfor-
mance but still exceed 60%. This may be due to the hijacking
dataset having a larger number of categories than the orig-
inal dataset, with significant differences in data distribution
that exceed the capability of the hijacking method.

For instance, in Figure 3b, the original dataset has fewer
categories (10) compared to the hijacking dataset (43), and
there is substantial dissimilarity between MNIST and GT-
SRB. The combination of these factors results in ER val-
ues lower than anticipated. If only one condition is met, as
shown in Figure 3a or 3c, the execution of hijacking tasks
still falls within CAMH’s hijacking capability range.

Let’s focus on the second and fourth columns. We ob-
serve that more complex models exhibit stronger transfer-
ability, especially in challenging tasks. For the original task
MNIST and the transfer task GTSRB, ResNet34 shows an
increase of nearly 10% in ER compared to ResNet18. Simi-
larly, for the original task CIFAR10 and the transfer task CI-
FAR100, ResNet34 demonstrates a 4% increase in error rate
over ResNet18. This phenomenon may be attributed to the
more complex models having a greater number of parame-
ters and deeper network structures, allowing them to learn
richer feature representations.

4.5 The Impact of the Number of Categories
In this section, we investigate the impact of the number of
categories on model hijacking capability. As illustrated in
Figure 4, we examine the performance of the original task
and the hijacking task across datasets with varying numbers
of categories. While maintaining the baseline performance
of the original task, we find that the model’s hijacking capa-
bility excels when the hijacking task faces fewer categories
than the original task, achieving ER values exceeding 90%
for both ResNet18 and ResNet34. Conversely, as the num-
ber of categories in the adversarial task exceeds that of the
original task, ER values decrease, irrespective of whether
ResNet18 or ResNet34 is employed. We observe that in such
scenarios, ResNet34 outperforms ResNet18, suggesting that
larger-scale models may handle more challenging hijacking
tasks with greater ease.

4.6 The Impact of Hijacking Data Volume
In this section, we investigate the impact of hijacking data
volume on model hijacking tasks. Figure 5 vividly demon-
strates that the scale of hijacking data significantly influ-
ences the ER of model hijacking tasks. Specifically, as the
volume of data increases, both curves exhibit an upward
trend. When the volume of hijacking data constitutes only
30% of the total, the model’s ER reaches a satisfactory high
level. This phenomenon is particularly pronounced in the
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Figure 4: The impact of the number of categories on the ER
of hijacking tasks. The red line illustrates the relationship
between the ER of the hijacking task and the value of m
when the original task is CIFARm, the hijacking task is CI-
FAR10, and the CR remains above 95%. The blue line rep-
resents the situation when the original and hijacking tasks
are swapped. We compared ResNet18 and ResNet34.

SVHN and MNIST datasets: SVHN achieves an ER exceed-
ing 85%, while MNIST approaches an ER over 98%.

This finding is of profound significance as it indicates that
even with a relatively modest volume of hijacking data, our
model hijacking method achieves efficient task execution.
This efficacy is clearly delineated in Figure 5, where the
red and blue lines denote the ER variations of the SVHN
and MNIST datasets across varying percentages of hijack-
ing data volumes, respectively.

Furthermore, we observe that as the volume of hijacking
data continues to increase, the ER improves incrementally,
albeit at a diminishing rate. This suggests the presence of
an optimal data volume range beyond which the marginal
benefit of increased data diminishes in enhancing hijacking
task performance.

Our findings imply that even with constrained data vol-
umes, adversaries may proficiently manipulate models to ex-
ecute illicit tasks via meticulously model hijacking.

4.7 Ablation Study

Model Noise SOL CR ER

ResNet18

× × 99.89% 92.23%
✓ × 99.95% 93.60%
× ✓ 99.95% 91.97%
✓ ✓ 99.93% 94.67%

ResNet34

× × 99.84% 88.37%
✓ × 99.79% 91.55%
× ✓ 99.79% 91.95%
✓ ✓ 99.80% 93.28%

Table 1: The results of the ablation study with MNIST as the
original task and SVHN as the hijacking task.

In Section 3.3, we delineate our approach to optimizing a
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Figure 5: The impact of the percentage of data volume of
hijacking tasks on the ER of hijacking tasks. The red line
illustrates the relationship between the ER of the hijacking
task and the value of m when the original task is MNIST,
the hijacking task is SVHN, and the CR remains above 95%.
The blue line represents the situation when the original and
hijacking tasks are swapped. We compared ResNet18 and
ResNet34.

noise and layer-wise projection mapping. To assess the im-
pact of noise and SOL-based projections, we have under-
taken ablation study.

To incorporate the layer into our analysis, we have se-
lected MNIST as the baseline task and SVHN as the target
for model hijacking. The findings detailed in Table 1 indicate
that when the attacker employs only the optimized noise, the
ER for the hijacking task escalates. When the synchronized
layer is used exclusively, there is an improvement in perfor-
mance. The hijacking performance of the model is notably
enhanced when both strategies are combined, culminating in
the highest ER. It is noteworthy that, due to the consistently
high CR, our impact on the original task remains minimal
across all scenarios, demonstrating strong camouflage capa-
bilities.

5 Conclusion
In this paper, we introduce a Category-Agnostic Model
Hijacking (CAMH) attack for the first time. The CAMH
method effectively solves the key challenges in model hi-
jacking through innovative multi-category hijacking task de-
sign, noise optimization technology, and double-loop opti-
mization. Experimental results show that CAMH can main-
tain the high performance of the original task while success-
fully performing the hijacking task even when the number
of categories does not match and the data distribution is sig-
nificantly different. In the future, our research will focus on
enhancing detection and defense mechanisms against such
attacks and expanding the exploration of the application and
impact of model hijacking across various scenarios.
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